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As each has received a gift, use it to serve one another,
as good stewards of God's varied grace" (1 Peter 4:10)
We are all equal, and yet have different strengths and abilities. Our gifts should be used in
serving others. There is no greater gratification feeling than the one from helping others and
making the difference in their lives. Use your gifts to serve your neighbor with love and humility.
Love others as Christ loves us!
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ABSTRACT
Nitrogen (N) management is being conducted at flat rate in Louisiana due to practicality
and convenience, but the price of N fertilizer and high breakeven costs are forcing producers to
find ways to reduce costs and optimize N application. In this scenario, precision agriculture
technologies, specifically the use of optical sensors on board of unmanned aerial systems (UAS)
to variable rate N application on farm is showing a promising approach to save inputs and reduce
environmental impacts. However, the general goal of this research was to develop and evaluate inseason N management approaches for N recommendation in corn (Zea mays L.) fields using plant
canopy sensors and UAS. The specific objectives were to: 1) investigate the differences in spectral
reflectance bands and vegetation indices for sensing the N status of corn, through different hours
of the day, under different weather conditions and sun irradiation angulation; and 2) evaluate an
in-season N fertilizer recommendation algorithm based on an approach that reflects local
conditions and needs for N fertilization using active crop canopy sensor and unmanned aircraft
systems coupled with multispectral camera, and to validate and compare the algorithm proposed
with other approaches. The experiments were conducted in three fields at the LSU Doyle
Chambers Central Research Station located at Ben Hur Road, Baton Rouge, LA, 30.365°N, 91.166°W, with continuous corn during the growing seasons from 2018 to 2021. To investigate
time of the day effects on active and passive sensor systems the experiment was conducted at the
same location in corn during a day with cloudy coverage conditions varying from 80 to 100 %,
with very few moments of cloud dispersion resulting in 100% of clear sky at the target area. The
conclusion in this experiment addressing objective 1 is that the data obtained from passive sensors
(commercial UAS camera and spectroradiometer), contrarily to the active crop canopy sensor,
presented prominent significant variations in measurements at different times of the day, especially
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observed when ambient conditions changed solar radiation. This indicates higher sensitivity to
changes during the day for the wavebands and vegetation indices derived using these sensors. For
objective 2, the main conclusions are: (i) a practical and easy to implement algorithm approach
was proposed and validated considering local conditions and implemented in-season, (ii) the use
of the Chlorophyl Red Edge Vegetation Index (CIRE) obtained from the crop canopy reflectance
with the approaches developed from local data to manage N status, can address spatial variability
presented in fields through the different responses obtained for N fertilization across the sites
analyzed, and (iii) the virtual approaches using both active and passive sensors, indicated relatively
better performances based on yield and partial factor productivity (PFP) responses. Due to the easy
implementation this finding suggests that this approach has great potential to be applied for N
recommendations regardless of the type of sensor used to collect data.
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CHAPTER 1. GENERAL INTRODUCTION
Introduction
In corn (Zea mays L.) production, nitrogen (N) is one of the most important nutrients to
obtain higher yields, and the one with the highest removal rates in grain. Although N can be found
in different sources, it presents high mobility and it is prone to transformations that can occur in
the soil profile, which can cause losses or unavailability to the plants when needed. To reduce the
impacts of this dynamic characteristic of N in the soil new technologies and management practices
are constantly being developed.
The 4R Nutrient Stewardship concept shows how decisions regarding this application of
the right source of nutrients, at the right rate, at the right time and in the right place are all connected
with each other and cannot be separated. It was developed by the fertilizer industry to guide
farmers all around the world to implement Best Management Practices (Johnston and Bruulsema,
2014).
Right source relies on a decision made considering how the fertilizer will respond to the
crop need and soil properties. Right rate consists of applying the fertilizer according to the crop
need. The conventional N fertilization was usually a single rate application over the entire area
being farmed. This uniform rate application does not take into consideration spatial and temporal
variability in the soil and crop. However, different variables can play an important role in the
process of determining the crop needs, for example the variations in yield goals, historical crop
management, crop residues, etc. Adding more fertilizer than the crop needs will lead to residual
nutrients in the soil and increase the risk for loss to the environment through denitrification,
volatilization, surface runoff, leaching, etc. Right time ensures availability of fertilizer nutrients to
the crop when it is needed. There are some management practices such as split application, slow
1

and controlled release fertilizer technology, stabilizers, and inhibitors that can significantly
increase nutrient use efficiency (Kanwar et al., 1988; Walsh et al., 2012). They make nutrient
availability according to crop demand, which promotes nutrient crop uptake efficiently. Right
place is applying the nutrients where crops can use them. Most of the fertilizer application is
broadcasted and not incorporated into the soil for better uptake by the plants. Besides improving
crop response, it also improves fertilizer use efficiency by reducing application rates.

Use of Proximal Sensors and Precision Agriculture for N fertilization
With the introduction of sensors that allows for the identification of nutritional status of
crops, regarding to growth and stress (N availability and uptake) based on different vegetation
indices and the advances in equipment capable of variable rate application, several fertilization
approaches are being considered when planning N application (Thompson et al., 2015).
Previously, N recommendations were based on yield goals, field history, and soil and plant analysis
information, which was costly and time consuming (Schöder et al., 2000; Stafford et al., 2000).
Currently, N recommendations uses this information when available to complement the algorithms
developed with sensors capable of assessing N status in a short time.
Crop physiological attributes and soil properties response to N fertilization are dependent
on soil type and climate conditions among other factors (Lupwavi et al., 2012; Giacometti et al.,
2013). Therefore, leading strategies to achieve optimal N fertilization must be based on specific
site and conditions. Different crop responses can be found within-field for N fertilization as well
for different soil characteristics, and N fertilization is usually primarily broadcasted uniformly in
the field without taking spatial variability into account. The use of sensors allows for the
application of N fertilizers using map-based, real time and on-the-go, or integration of both
2

approaches (Adamchuk et al., 2011). It enables the potential for split application for example,
where the fertilization occurs at pre-plant and mid-season based on information collected from
sensor readings associated to growth stages of the crop.
The use of proximal remote sensing consists in sensors mounted on tractors, spreaders,
sprayers, irrigation booms, or even hand-held sensors. They can be used to manage N within-field,
in different stages through the season (very important when considering the use of algorithms for
fertilization) and on-the-go application. Their use is not influenced by sun light, because they emit
their own light source. Therefore, they can be used at any time. Through the measurements in crop
canopy reflectance in specific wavebands it gives an assessment of N status in the plants, based on
a correlation to the chlorophyl content in the leaves. Previously reported by Schepers et al. (2006),
this correlation showed that N stress can be detected using chlorophyl meters before noticeable to
the human eye.
The data collected from the sensors are dimensionless, radiometric measurements used to
generate vegetation indices that are correlated to the nutritional status of the crops through
abundance and activity of green vegetation, based on chlorophyl content, green biomass, and
absorbed photosynthetically active radiation (Jensen, 2007). Most of the vegetation indices are
derived from the relationship between red and near infrared reflectance, but there are several other
indices calculated using different wavelengths, some uses the reflectance in the red-edge
wavelength for example (Reed et al., 2002), and some are used for specific purposes (Qi et al.,
1995; Fox and Walthall, 2008).
According to Running et al. (2004), the effects of plant biophysical parameters should be
captured with maximum sensitivity by a vegetation index, and reduced internal and external
effects, such as canopy background variations, topography, soil variations, and sun zenith, for
3

consistent spatial and temporal comparisons. Plant leaves absorb blue (~450nm) and red (~660nm)
and reflect green (~550nm) wavelengths from the visible spectrum and reflect and transmit a high
portion of the near infrared (~700-1400nm) region of the spectrum. These indices can capture
information from the visible parts of the spectrum (400-700nm) with healthy plants exhibiting very
low reflectance and transmittance values because of the strong absorptance by photosynthetic plant
pigments such as chlorophyll, carotenoids, and anthocyanins (Chappelle et al., 1992; Sims and
Gamon, 2002). Overall, they are extremely efficient measurements for plant health and nutrition
status.
Using vegetation indices, algorithms can be generated to quantify the fertilization
requirements found to be needed in the field early enough to correct N deficiency and the impacts
in yield reduction (Samborski et al., 2009; Tubana et al., 2008). Conversely, a reduction of N
application is achieved in comparison to the uniform rate usually applied, while reducing the risk
of loss to the environment. Furthermore, leading to increase the N use efficiency by allowing
farmers to make management decisions to the actual growing season conditions (Cassman et al.,
2002).
The normalized difference vegetation index (NDVI) is the most used vegetation index
when it comes to plant health and N status assessment (Hatfield et al., 2008), and N
recommendation algorithms (Scharf et al., 2009; Tubana et al., 2011). However, it can reach
saturation values relatively early during the growing season and be limited to differentiate N status,
because this index uses the red waveband reflectance in its equation. Sensitivity to true differences
in crop vigor (chlorophyll content and biomass) are not considered by the insensitivity of red
waveband reflectance when the leaf area index (LAI) exceeds about 2.0 or canopy closure
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(Gitelson et al., 1996). This limitation potentially affects N recommendations, underestimating the
needs for N from the crops during the growing season.
Timing is also very important in N management, it is critical to minimize losses and
increase recovery (Becker et al., 1994). Previous research shown that recommendations for inseason N application in corn using optical sensors can address the demand for the crops when it is
needed if done between V8-V12 (Martin et al., 2007). Another study indicates that the best
vegetative stages to predict in-season N requirements are around V11-V13 (Solari et al., 2008).
However, clearance for the type of equipment used for fertilization will play an important role in
decision making to when farmers will make the application.
The vast number of experiments and research conducted using sensors led to more accurate
and refined algorithms and approaches to recommend N fertilization. One of the first approaches
based on optical sensors used chlorophyll meters (Varvel et al., 2007). This approach aimed to
detect and correct N deficiencies in-season through the readings of chlorophyl absorption by
clipping the leaf of the crop using a device emitting light from the red (660nm) and near infrared
(940nm) bands (SPAD 502 chlorophyll meter, Konica Minolta Sensing Inc., Osaka, Japan). Using
chlorophyl readings N deficiencies could be estimated for various crops (corn, cotton, rice, and
wheat) (Blackmer and Schepers, 1995). This was possible, because of the strong positive
relationship between leaf N and Leaf chlorophyl content (Schepers et al., 1998). Through a
normalization technique for the chlorophyl readings the nitrogen sufficiency index (NSI) was
developed. It consisted of the ratio of a sensed crop information to a reference value (obtained
from a non-limited N crop) for the same measurement calculated using the formula NSI = VI of a
sensed crop / VI of the reference crop (Holland and Schepers, 2010). To determine the N rate
which maximizes yield, a study with corn data from 10 years was used, where the relationship
5

between N rate and NSI was analyzed and described to represent this relationship using a quadratic
model (Varvel et al., 2007).
The advances in technology circumvent the need for physical contact with plant leaf and
allowed for fast measurements of plant N status. Solari et al. (2006, 2008, 2010) developed the
first algorithm using real time readings from the active crop sensors (ACS) in Nebraska. Their
algorithm was based on the linear relationship between the NSI calculated using the ACS and the
NSI obtained from the SPAD applying the quadratic model from Varvel et al. (2007). Several
approaches have been developed, and N use efficiency is increasing, but it is still difficult to
account for all N transformations and losses that occur.

Remote Sensing Using Unmanned Aircraft Systems (UAS) for N Fertilization
The approaches using ACS sensors can also be employed using data obtained from satellite
images, and recently is being largely applied using UAS coupled with multispectral cameras
capable of collecting data in high resolution at lower cost. Quemada et al. (2014), reported that
vegetation indices obtained from airborne sensors were as reliable as from the optical sensors to
identify N status in corn plants.
Remote sensing data obtained from satellites and UAS are used for several purposes, which
includes mapping, scouting, yield prediction, plant N status and fertilization recommendations
(Zhu et al., 2009). Depending on the need of the user, one platform can be better than the other.
For example, UAS presents advantages compared to satellite in terms of spatial resolution and
influence of weather, allowing to collect images clear from clouds (Lamb and Brown, 2001).
Continuous technological advance integrating UAS with cost-effective sensing
technologies capable of collecting data in different regions of the spectrum, and with accurate
6

location using Global Satellite Position (GPS) was significantly accomplished in recent years. In
addition, these products became available at low cost for users, resulting in a wide adoption of
these technology in agriculture (Assmann et al., 2019).
Contrarily to the ACS sensors, their use is influenced by sun light and environmental
conditions. Therefore, they are limited to be used under good light and ideal environmental
conditions, because irradiation is affected by cloud coverage resulting in erroneous or biased data
acquisition. They require calibration corrections to minimize potential effects on the quality of the
images (Lelong et al., 2008).

Rationale
Nitrogen management is an important path to profitability and sustainability. N
recommendations based on algorithms is proving to enhance the nitrogen use efficiency and
reducing the potential losses and environmental impacts of excessive application. However, most
of the algorithms for corn fertilization were developed for a specific region, and most of the time
does not address the needs from other areas if employed without calibrations or modifications.
The impact of fluctuation in prices of fertilizers and commodities can be minimized if these
approaches are implemented, resulting in guaranteed profitability return of investments on sensors
and technology. Corn fertilization in Louisiana is based on high yield expectations, and still
employed on a flat rate basis, not considering spatial variability and crop responses. Which results
in significant losses of N to the environment ending up in the Gulf of Mexico.
This research intended to help implement technologies developed and applied in other
regions to improve and help Louisiana farmers, based on their local conditions and characteristics.
To achieve this, in-season N management approaches for N fertilizer recommendation is needed.
7

CHAPTER 2. DIURNAL COMPARISON OF REFLECTANCE AND
VEGETATION INDICES DERIVED FROM ACTIVE CROP CANOPY
SENSORS AND PASSIVE SENSORS
Introduction
Nitrogen (N) management decision making, and nitrogen use efficiency is becoming more
feasible to be achieved with the advances in technology and sensors that support a more sustainable
fertilization application, resulting in less environmental impacts and production costs. One of the
technologies being used is the spectral sensing. Characterized by a spectral signature reflected
from a target in a range of spectral wavelengths. The use of spectral data acquired by active crop
canopy sensors and Unmanned Aircraft Systems (UAS) to manage N application is growing and
presents a great potential within Precision Agriculture tools. Through measurements of
absorbance, transmittance, and reflectance of different radiation wavelengths by the leaf,
components sensitive to N status such as leaf chlorophyll is indirectly assessed and used to estimate
N status (De Souza et al. 2019; Padilla et al. 2018; Samborski, Tremblay, and Fallon 2009).
Though, the most used measurement for plant spectral sensing is the leaf reflectance, in which a
larger leaf area can be monitored with reduced variability (Kim et al. 2012). For example, plant
stress, a physiological characteristic of plants is associated to spectral reflectance, in which the
visible reflectance at 400-700nm wavelengths increases while the near-infrared (NIR) reflectance
at 700-1300nm wavelengths decreases (McMurtrey et al., 1994; Suarez et al., 2009; Kim et al.
2012). From the differences of these spectral reflectance wavelengths vegetation indices (VI) are
calculated and used for crop management using spectral sensors. Passive spectral sensors convert
the energy from the incoming light through the lenses to a spectral signature, thus, lighting is very
important for spectral sensing and further studies are still needed to cope with illumination changes
and solar diurnal effects. As the solar zenith angle strongly affects leaf reflectance from corn
8

canopies (Ranson et al. 1985) the correlation between spectral reflectance and chlorophyll content
was reported to significantly decrease with varying solar irradiance (Tumbo et al. 2002). These
findings shown how the reflectance response of passive spectral sensors are strongly affected by
lighting conditions and the changes in solar irradiance. Conversely, active spectral sensors are
designed to measure the spectral signature based only on a modulated radiation reflected from the
target hit by the modulated light they transmit for specific wavebands. Which give them
consistently measurements of spectral signature regardless of ambient light conditions. Therefore,
active spectral sensors can be a reliable reference for comparison with the passive sensors.
A great advantage of using theses sensors rely on data obtained through non-destructive
sampling methods in the field in a rapid and periodic manner. However, in a study with two of the
most used optical sensors, SPAD-502 chlorophyll meter and the GreenSeeker, the data collected
showed to be affected by the time and conditions throughout the day (Martins et al. 2020). Previous
studies have also reported similar findings regarding the same sensors (Martinez and Guiamet
2004; Kim et al. 2012). Martinez and Guiamet (2004), found variations of the readings caused by
the water content in the leaf, affected by the changes in temperature and solar irradiance,
chloroplast movement (Xiong et al. 2015), changes in leaf angle, and heliotropism (Crusiol et al.
2017; Oliveira and Scharf 2014). Similarly, to these studies with SPAD-meter and GreenSeeker,
this study intended to assess the time of the day effects on the measurements obtained using the
active ACS-430 and DAS-43X Crop Circle Phenom (ACS) sensor and the passive Parrot Sequoia
multispectral camera (PSC) and the STS-VIS Ocean Optics Spectrometer (STS) sensors on the
data obtained from corn plants. Few research has examined how varying environmental conditions
and diurnal solar radiation affects these sensors responses. Teixeira et al. (2020), reported a low
correlation between the spectral indices measured with the ACS and the ones derived from the
9

images from the PSC. The main objective of this study was to evaluate the effect of time of the
day on measurements acquired by active and passive sensors. Specific objectives were to evaluate
bands and vegetation indices variations along the day using active sensor as a reference and use
statistical quality control to measure variability among sensors (active and passive sensors).

Materials and Methods
Experimental Site
Data collection using an active sensor ACS-430 and DAS-43X (Crop Circle Phenom,
Holland Scientific Inc.), a passive multispectral camera Parrot Sequoia (Parrot), and a
spectroradiometer STS-VIS Ocean Optics, also a passive sensor, was conducted on a cornfield at
the LSU Agricultural Center Doyle Chambers Central Research Station, located in Ben Hur, Baton
Rouge, Louisiana, 30o21’57” N and -91o09’59” W. The experiment consisted of collecting data
using active and passive sensors, over a period of 13 hours to evaluate if there were any differences
on the data recorded that could be caused by any changes in weather conditions such as cloud
coverage, sunshine intensity, and position of the sun throughout the period of data acquisition as
well as differences in the data collected from different sensors.

Weather Conditions
During the collection period, there was changes in luminosity, cloud presence in the
atmosphere, and the Sun’s zenith angle. The changes observed were recorded with time and a
description of the conditions for further explanation to possible cause of data differences are
described as follows.
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The beginning of the data collection started under 100 % cloud coverage. As the day
progressed changes in cloud coverage occurred starting to be recorded at the 8 hours, in which
data collection was under varied overcast conditions. At the 9 hours collection was under
completely overcast conditions (100% cloud coverage), returning to overcast with variations on
cloud coverage at the 10 hours. On the 11 hours, cloud dispersion occurred by 11:15, resulting in
80 % cloud coverage with sunny conditions at the target area, then a new calibration for that hour
was performed, however, at 11:28 it became overcast again (100% cloud coverage). At the highest
zenith position of the sun during the day, the 12 hours, data acquisition begin with 80 % cloud
coverage with the target area being 100% under sunny conditions, four minutes after data
collection started cloudy conditions became overcast (100 % cloud coverage), turning into sunny
conditions at 12:08 and going back to overcast at 12:12 again. Shadow from the mule was partially
covering the corn in the target area of the study at the 13 hours, and at 13:10 the conditions were
overcast and transitioned to sunny at 13:12 again, to become overcast again at 13:23. At the 14
and 15 hours, all samples were obtained under sunny conditions, and there was no shadow from
the mule. At the 16 hours sunny conditions changed to overcast 16:11 hour and returned to sunny
again at 16:17 hour, going back to overcast two minutes later at 16:19 hour and sunny again at
16:20 hour. The last two hours, started under overcast conditions until 17:08 and turned into
completely cloudy until the end of the collection.
Dataset Collection
Data collection started before sunrise at 6:00 and was completed at 18:20 when sunset took
place, both hours in local time (United States Central Time). The total duration of data collection
was 13 hours. At the beginning of every hour, the initial steps to start the data collection was a
spectral data calibration performed on the STS-VIS Ocean Optics spectrometer sensor using a
11

black and a white diffuse reflectance standard portable panel provided by the manufactory, with
99% reflectivity (400-1500nm) and 96% (250-2000) (Figure 1 (a)), followed by a calibration for
the Parrot Sequoia, which was performed using the calibration target panel provided by the
manufactory as well, with reflectance percentages at 18.4% for green, 19.2 % for red, 22.7 % for
red edge, and 27.6 % for NIR. The calibration was completed before each canopy spectral
reflectance measurements (Figure 1 (b)).
(a)

(b)

Figure 1. Calibration standards: (a) WS-1-SL Diffuse Reflectance Standard for STS-VIS Ocean
Optics spectrometer, and (b) Parrot Sequoia Calibration Target.
The duration process for the STS calibration took less than one minute, and for the PSC
approximately 10 seconds. After calibration completion, data acquisition took place for 20 minutes
at the beginning of every hour. A snapshot picture was taken every minute, in synchrony with the
spectrum-radiance records. For every picture taken, one spectrum-radiance measurement was
recorded to be associated to each image captured for the corresponding time. In addition, the active
sensors ACS-430 and DAS-43X, from Holland Scientific, recorded NDVI, normalized difference
red edge (NDRE), NIR, RED, red edge (RE), leaf area index, canopy temperature, relativity
humidity, incident photosynthetically active radiation (IPAR), and reflected photosynthetically
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active radiation (RPAR) for 20 minutes, and the data was averaged by minute to the corresponding
time when the pictures and reflectance was acquired (Table 1).
However, for this study only NDVI and CIRE calculated using the NIR and RE bands,
were used besides the three wavelength bands previously mentioned. The active sensor will serve
as the ground-truth reference for the data collection for comparison purposes with the passive
sensors. The specifics of the vegetation indices formulas and wavelength bands used in this study
for each sensor used to collect data are reported in Table 2.

13

Table 1. Averaged measurements of spectral reflectance for the red (RED), red edge (RE), near infrared (NIR) wavebands, normalized
difference vegetation index (NDVI), chlorophyll index red edge (CIRE), air temperature (AIR_TEMP), canopy temperature
(CAN_TMP), relative humidity (RH), incident and reflected photosynthetically active radiation (I_PAR and R_PAR) readings on corn
canopies using the active crop sensor ACS-430 and DAS-43X and local weather station temperature (WS_TMP).

HOUR
6:00
7:00
8:00
9:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17:00
18:00

Band reflectance
RED REG
NIR
5.32 21.14 31.55
5.33 21.15 31.51
5.71 21.20 31.37
5.76 21.20 31.39
6.73 21.30 31.19
6.43 21.14 31.55
6.53 21.17 31.46
6.78 21.19 31.43
6.51 21.12 31.62
6.50 21.21 31.34
6.61 21.18 31.43
6.62 21.27 31.18
6.61 21.28 31.15

Vegetation Index
NDVI
CIRE
0.71
0.49
0.71
0.49
0.69
0.48
0.69
0.48
0.65
0.47
0.66
0.49
0.66
0.49
0.65
0.48
0.66
0.50
0.66
0.48
0.65
0.48
0.65
0.47
0.65
0.46

Temperature
AIR_TMP CAN_TMP
WS_TMP
22.98
21.67
21.11
24.91
22.89
21.67
24.78
23.53
22.78
25.88
24.62
23.33
27.20
27.22
24.44
30.12
27.78
27.22
30.16
30.56
27.78
31.66
30.00
30.56
32.40
29.44
30.00
31.30
30.88
29.44
31.88
32.00
29.44
29.77
28.66
27.78
28.51
26.52
26.67

RH
91.66
83.08
81.33
78.52
76.85
64.58
59.87
56.38
50.99
50.83
50.04
58.66
65.13

Radiation
I_PAR
R_PAR
25.00
1.41
134.99
7.62
171.98
10.50
197.74
12.46
956.21
86.82
1273.06
60.47
1063.77
60.37
1818.28
75.17
1468.96 103.97
731.57
50.11
839.24
65.04
208.94
14.28
71.92
5.54

Table 2. Vegetation index formulas and wavelength bands used in this study.
Band

Index

RED
RE
NIR
NDVI
CIRE

Parrot Sequoia
660 ± 40
735 ± 10
790 ± 40
790 ± 40, 660 ± 40
790 ± 40, 735 ± 10

Wavelength (nm)
ACS - 430
670
730
780
780, 670
780, 730

Ocean Optics
670.133-670.619
730.155-730.645
780.358-780.852
780.60, 670.38
780.60, 730.4
14

Formula

Source

(ρ780 - ρ670) / (ρ780 + ρ670)
(ρ780/ρ730) - 1

Manufactory
Manufactory
Manufactory
Kriegler et al, 1969
Gitelson et al, 2005

Platform and Sensors
A Kawasaki MULE (Multi-Use Light Equipment) (Kawasaki Motors, Lincoln, Nebraska,
USA) was used as a base support for the sensors, where metal bars were attached, and the sensors
were placed and installed on it (Figure 2). The height from the Crop Circle Phenom sensor to the
ground was 1.4m, and from the crop canopy was 0.84m. The field of view of the sensor is ~40-45
degrees by ~6-10 degrees. The height from the cameras to the ground was 1.3m, and from the
cameras to the canopy was 0.84m. The height distance from the sensor to the camera was 0.1m.
The position in which the sensors were installed intended to allow for data collection coverage
corresponding to the same area for all sensors (Figure 3 (a) and (b), and 4).

Figure 2. Sensors set up on a metal bar to serve as a support attached to a Kawasaki Mule.
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Figure 3. Sensors view from the top (a) and from the bottom (b).

For real time acquisition and display of spectra stored in the .txt format file the STS-VIS
Ocean Optics sensor needs to be connected to a Windows laptop. The STS-VIS was placed on the
center slightly below the two heads of the Crop Circle Phenom, and the two Sequoia multispectral
cameras from Parrot were attached equidistant from the center to be able to capture the same area
of coverage in the images.

Crop Circle Phenom
STS-VIS sensor

Parrot Sequoia camera

Figure 4. Position of sensors centralized to the corn plants row to cover the canopy area.
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Vegetation Indices
The VI calculated for this study included the NDVI and CIRE. To calculate them,
reflectance from three wavelengths were used (Table 1). Although, each band have a specific
wavelength range regarding to the position where they are located at the light spectrum, they differ
on the wavelength range from a sensor to another. The ACS sensor used light emitting diodes to
generate red (670nm), red edge (730nm), and NIR (780 nm) light (Holland Scientific, Lincoln,
Nebraska, USA) (Figure 5). The light generated was reflected from the crop and measured by a
photodiode located at the front of the sensor head at the selected wavelengths in the
electromagnetic spectrum, and then converted into VI except for the CIRE that needs to be
calculated after data collection and download.

Infrared Temperature Sensor

Ambient Air Temperature Sensor
Active Light Source

Relative Humidity
Atmospheric Pressure

Three-band Proximal
Sensor
(670nm,730nm,780nm)

Incident PAR

Figure 5. Crop Circle Phenom sensor system: ACS-430 and DAS-43X sensor components.

Likewise, the ACS, the Parrot Sequoia camera (PSC) have the three measurement channels
RED, RE, and NIR (Figure 6 (a) and (b)). However, the wavelength specifications are slightly
different, in which the RED band measures 660nm with a margin of ± 40nm, the RE band measures
735nm with a margin of ± 10nm, and the NIR band measures 790nm with a margin of ± 40nm.
17

(a)

(b)

Figure 6. Parrot Sequoia multispectral camera (a) and sunshine sensor from Parrot (b).

The STS-VIS Ocean Optics (STS) have the widest range of wavelengths among the three
sensors used in this study, acquiring 1024 pixels in spectrum in the 336–800nm spectral range and
spectral resolution of 1nm (Figure 7). To compare with the other two sensors, the wavelengths
selected from the STS were 670.133nm and 670.619nm for RED, 730.155nm and 730.645nm for
REG, and 780.358nm and 780.852nm for NIR. The formulas and wavelength used in this study
are listed in Table 2.

Figure 7. STS-VIS Ocean Optics spectroradiometer sensor.
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Data Processing
Processing and analysis of the data were conducted using RStudio software packages
maptools, lubridate, sf, and stringr, RStudio Team (2020) and QGIS (QGIS Development Team
(2022). The data acquired from the Crop Circle Phenom is saved on a .csv file format, which allows
for fast compilation and analysis, not needing a lot of processing, thus, filtering and organization
was performed using Microsoft Excel. The data from the STS-VIS Ocean Optics is saved in a .txt
file format, it was compiled and filtered using R studio, wherein all the wavelengths and
reflectance readings recorded by hour for every minute was merged into one .csv file, then, the
data from the wavelengths that correspond to the bands used to calculate VI were selected and
analyzed.
The images captured from the cameras are saved as .tiff file format and were processed
using QGIS. Using QGIS, information was extracted from every image for each band (NIR, RED,
and REG) in the form of digital numbers, and further was transformed into reflectance values. A
grid with 10 polygons was used to extract the data from target areas of the corn plants, and a zonal
statistics tool from QGIS allowed for a calculation of the average data from each polygon totalizing
10 subsamples from every image taken. The data was exported into an excel file format and used
to compute the VI for analysis.

Data Analyses
The experiment was evaluated using a two-factor blocked (3 sensors x 13 hours) with 10
replications to compare the data from the three sensors using the Shapiro-Wilk test to test for data
normality, and Levene test for data homoscedasticity. The analyses was performed using the
agroestat.com.br/analyses website that provided all the tests and analyses done for this experiment.
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Analyses of variance was performed by the Feasible Weighted Least Squares method with
White’s (1980) correction, as described by Long and Ervin (2000) when the data did not have a
normal distribution. Comparison of means was done by the non-parametric test of Games &
Howell (1976) and the Tukey test. In addition, control charts were used to identify variability
among sensors.

Results and Discussion
Performance Evaluation Between Active and Passive Sensors
Spectral reflectance measurements responses to the effect of diurnal solar radiation from
corn canopies were collected throughout the day. The averages by hour for the selected range of
wavelengths corresponding to RED, RE, and NIR are shown in Table 3 with the NDVI collected
from the ACS-430, and the calculated CIRE using the NIR and RE bands. Other parameters from
the ACS, and the temperature from the weather station located in the vicinity are listed in Table 4.

Table 3. Average reflectance readings at the RED, REG, and NIR wavebands, NDVI, and CIRE
of corn canopies measured using active crop sensor ACS-430 and DAS-43X sensor.
Band reflectance
Vegetation Index
Hour
RED
RE
NIR
NDVI
CIRE
6:00
5.32
21.14
31.55
0.71
0.49
7:00
5.33
21.15
31.51
0.71
0.49
8:00
5.71
21.20
31.37
0.69
0.48
9:00
5.76
21.20
31.39
0.69
0.48
10:00
6.73
21.30
31.19
0.65
0.47
11:00
6.43
21.14
31.55
0.66
0.49
12:00
6.53
21.17
31.46
0.66
0.49
13:00
6.78
21.19
31.43
0.65
0.48
14:00
6.51
21.12
31.62
0.66
0.50
15:00
6.50
21.21
31.34
0.66
0.48
16:00
6.61
21.18
31.43
0.65
0.48
17:00
6.62
21.27
31.18
0.65
0.47
18:00
6.61
21.28
31.15
0.65
0.46
Mean
6.26
21.20
31.40
0.67
0.48
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Table 4. Averaged leaf area index, canopy chlorophyl content, air temperature, relative humidity,
canopy temperature, incident and reflected photosynthetically active radiation measured of corn
canopies using Crop Circle Phenom active sensor and local weather station temperature.
Hour LAI_VI CCC_VI AIR_TMP
RH CAN_TMP I_PAR R_PAR
WST
6:00
0.64
0.62
22.98
91.66
21.67
25.00
1.41
21.11
7:00
0.63
0.62
24.91
83.08
22.89
134.99
7.62
21.67
8:00
0.62
0.59
24.78
81.33
23.53
171.98
10.50
22.78
9:00
0.62
0.59
25.88
78.52
24.62
197.74
12.46
23.33
10:00
0.60
0.57
27.20
76.85
27.22
956.21
86.82
24.44
11:00
0.64
0.61
30.12
64.58
27.78
1273.06 60.47
27.22
12:00
0.63
0.59
30.16
59.87
30.56
1063.77 60.37
27.78
13:00
0.62
0.59
31.66
56.38
30.00
1818.28 75.17
30.56
14:00
0.64
0.61
32.40
50.99
29.44
1468.96 103.97
30.00
15:00
0.61
0.57
31.30
50.83
30.88
731.57
50.11
29.44
16:00
0.62
0.59
31.88
50.04
32.00
839.24
65.04
29.44
17:00
0.59
0.55
29.77
58.66
28.66
208.94
14.28
27.78
18:00
0.59
0.55
28.51
65.13
26.52
71.92
5.54
26.67
The diurnal reflectance data obtained for the three wavelengths RED, RE, and NIR from
the ACS-430 consistently measured the bands reflectance regardless of the changes in ambient
light conditions with very little variations for every hour during the day, while the measurements
obtained using the PSC sensor did not show consistency (Table 5).
Table 5. Average reflectance readings at the RED, RE, NIR wavebands, NDVI, and CIRE of corn
canopies measured using the Parrot Sequoia passive spectral sensor and local weather station
temperature.
Band reflectance
Vegetation Index
Temperature
HOUR
RED
RE
NIR
NDVI
CIRE
WS_TMP
6:00
7.5209 7.6384 8.9388
0.0848
0.1691
21.1111
7:00
9.3294 9.8935 16.8082
0.2776
0.6850
21.1111
8:00
22.5020 24.7528 63.4352
0.4790
1.5677
21.6667
9:00
23.4994 27.6008 67.5779
0.4827
1.4515
22.7778
10:00
26.4561 31.3310 68.0072
0.4380
1.1820
23.3333
11:00
17.2055 22.6123 34.4063
0.3344
0.5202
24.4444
12:00
14.3872 19.7345 25.9207
0.2802
0.3048
27.2222
13:00
17.1626 21.8987 33.4653
0.3221
0.5179
27.7778
14:00
16.2916 20.5332 30.8674
0.3155
0.5032
30.5556
15:00
31.3905 73.5485 76.8670
0.4250
0.0464
30.0000
16:00
42.8234 62.5467 65.3638
0.2317
0.0471
29.4444
17:00
29.7879 34.6886 64.5575
0.3696
0.9339
29.4444
18:00
14.7466 14.4266 31.6176
0.3500
1.1409
27.7778
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Similar to the PSC sensor, the measurements obtained using the STS sensor presented great
variability and lack of constancy. Which can be explained by the sensitivity of these sensors to
changes in light and environmental conditions. The averages collected using the passive sensor
STS are listed in Table 6.
The variability for the RED band from the three sensors can be observed at Figure 8. The
variability presented in the data did not fit into a normal distribution, and the statistical analysis
performed varied according to the appropriate test that best fitted the data for analysis.
Table 6. Average reflectance readings at the RED, RE, NIR wavebands, NDVI, and CIRE of corn
canopies measured using the Ocean Optics passive spectral sensor and local weather station
temperature.
Band reflectance

Vegetation Index

Temperature

HOUR

RED

RE

NIR

NDVI

CIRE

WS Temp

6:00

61.2500

62.5000

61.2500

0.0000

-0.0200

21.1111

7:00

13.5131

79.4961

108.6411

0.7788

0.3666

21.6667

8:00

3.8508

18.0948

25.7610

0.7399

0.4237

22.7778

9:00

5.2915

21.4958

30.1693

0.7016

0.4035

23.3333

10:00

5.0728

20.1823

28.9355

0.7017

0.4337

24.4444

11:00

7.7463

27.2321

37.9177

0.6607

0.3924

27.2222

12:00

74.1515

76.0708

77.8998

0.0247

0.0240

27.7778

13:00

3.7775

8.6545

11.7088

0.5121

0.3529

30.5556

14:00

15.3818

24.6390

28.1465

0.2933

0.1424

30.0000

15:00

8.8128

31.8750

43.6163

0.6638

0.3684

29.4444

16:00

7.7325

16.4328

22.5075

0.4886

0.3697

29.4444

17:00

2.5865

10.0603

14.7395

0.7014

0.4651

27.7778

18:00

1.983625

9.10125

12.0769

0.7178

0.3269

26.6667
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Figure 8. Diurnal reflectance variability at the RED waveband for the active sensor ACS and
passive sensors PSC and STS. The green line corresponds to the mean, and the red lines 3 standard
deviations from the mean. UCL: upper control limit, LCL: lower control limit, 𝑥̅ : average. The red
square indicates a mean outside the control limit of 3 standard deviations.

The analysis of variance showed significance for the RED waveband data variations during
the day for all three sensors (Table 7).
Table 7. Analysis of variance of the diurnal reflectance at the red waveband obtained from all three
sensors ACS, PSC, and STS.
Sensor
Band
CV
DF
1.97
ACS
RED
12
2.84
PSC
RED
12
12.04
STS
RED
12
**
= significant at an 1% probability level

SS
0.918
7032.3
40448

MS
0.0765
586.03
3370.6

F
58.308**
586.03**
3370.6**

P
< 0.0001
< 0.0001
< 0.0001

There was evidence to reject residual normality by the Shapiro-Wilk test PShapiro−Wilk =
0.0001 at a 5% probability level (Royston, 1995) for all three sensors. Therefore, no evidence to
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reject homoscedasticity was found by the Levene test with PLevene = 0.3540 for the ACS at 5%
probability level (Gastwirth et al., 2009). However, the RED bands collected using the PSC and
STS sensors, PLevene = 0.0004 for the PSC, and PLevene = 0.0001 for the STS showed evidence to
reject homoscedasticity by the Levene test at 5% probability level, and ANOVA was performed
by the Feasible Weighted Least Squares method with White’s (1980) correction, as described by
Long and Ervin (2000). The means were compared by the non-parametric test of Games & Howell
(1976). The variations for the ACS sensor are reported using the Tukey test, while for the PSC and
STS sensors using the Games & Howell test for means comparison (Figure 9). Although there was
very little variations for the RED band data from the ACS, the Tukey test analysis resulted in
statistically significant differences between hours with minimum significant differences at 5%
level = 152.80. The variations for the RED band data from the STS sensor were also small, except
for the readings from the 6:00 hour, and were also statistically significant based on the Games &
Howell test. While the differences found for the PSC sensor were very prominent with significant
fluctuations between hours during the entire day, also compared by Games & Howell test.
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Figure 9. Tukey test results for the diurnal RED waveband reflectance using the active crop sensor
(ACS), and Games & Howell test results using the parrot sequoia camera (PSC) and the
spectrometer sensors (STS). Error bars obtained from the standard error. Means followed by the
same letter are not significantly different at a 5% probability level.
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The variations in the data obtained for the RE wavelength bands using the three sensors
are presented in Figure 10. With similar behavior responses to the RED band, the RE data obtained
from the ACS showed evidence to reject residual normality by the Shapiro-Wilk test PShapiro−Wilk =
0.0001 at a 5% probability level (Royston, 1995) and no evidence to reject homoscedasticity by
the Levene test with PLevene = 0.5109 at 5% probability level (Gastwirth et al., 2009).

Figure 10. Diurnal reflectance variability at the RE waveband for the active sensor ACS and
passive sensors PSC and STS. The green line corresponds to the mean, and the red lines 3 standard
deviations from the mean. UCL: upper control limit, LCL: lower control limit, 𝑥̅ : average. The red
square indicates a mean outside the control limit of 3 standard deviations.

The data from the PSC PLevene = 0.0380 and STS PLevene = 0.0001 presented evidence to
reject homoscedasticity and the analysis of variance was performed by the Feasible Weighted
Least Squares method with White’s (1980) correction, as described by Long and Ervin (2000) with
the means comparison performed using Games & Howell test (1976).
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The analysis of variance showed significance for the RE band data variations during the
day for all three sensors (Table 8).
Table 8. Analysis of variance of the diurnal reflectance at the red edge waveband obtained from
all three sensors ACS, PSC, and STS.

**

Sensor

Band

CV

DF

SS

MS

F

P

ACS

Red edge

0.07

12

0.0007

0.0001

12.733**

< 0.0001

PSC

Red edge

4.27

12

21884

1823.6

1823.6**

< 0.0001

STS

Red edge

0.76

12

13108

1092.3

1092.3**

< 0.0001

= significant at an 1% probability level
The variations between hours for the red edge band from the ACS sensor are reported using

the Tukey test and the variations for the PSC and STS sensors are reported using the Games &
Howell test for means comparison (Figure 11). There were prominent variations regarding to the
reflectance responses from the RE band from the ACS.
The results from the Tukey test analysis demonstrated significant differences found
between hours with minimum significant differences at 5% level = 0.0032. The variations for the
data from the PSC sensor were prominent as well, showing increasing and decreasing reading
fluctuations during the hours from 6:00 until 14:00 and with a significant increase from 15:00 to
17:00, decreasing again to lower levels at 18:00. Statistically significant differences were found
using the Games & Howell test. Smaller, but significant differences also found for the data from
the STS sensor with exception again for the readings from the 6:00 hour that had the highest mean
among all the hours. The significance in differences between the hours were compared by Games
& Howell test.
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Figure 11. Tukey test results for the diurnal RE waveband reflectance using the active crop sensor
(ACS), and Games & Howell test results using the parrot sequoia camera (PSC) and the
spectrometer sensors (STS). Error bars obtained from the standard error. Means followed by the
same letter are not significantly different at a 5% probability level.
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Among the three wavebands collected in this study, the NIR is the band which presented
visually distinct fluctuations in the data collected using all three sensors. Although, not drastically
prominent variations recorded for the active sensor, the variations of the data from the PSC and
STS sensors were considerably contrasting. The variations between the hours for the NIR band
from the three sensors are presented in Figure 12.

Figure 12. Diurnal reflectance variability at the NIR waveband for the active sensor ACS and
passive sensors PSC and STS. The green line corresponds to the mean, and the red lines 3 standard
deviations from the mean. UCL: upper control limit, LCL: lower control limit, 𝑥̅ : average. The red
square indicates a mean outside the control limit of 3 standard deviations.
The responses for the NIR band data obtained from the ACS showed evidence to reject
residual normality by the Shapiro-Wilk test PShapiro−Wilk = 0.0001 at a 5% probability level
(Royston, 1995) and no evidence to reject homoscedasticity by the Levene test with PLevene =
0.3807 at 5% probability level (Gastwirth et al., 2009), thus the analysis of variance for comparison
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of means was done with the Tukey test. NIR data from the PSC with a PLevene = 0.0113 and STS
PLevene = 0.0001 did not show homoscedasticity and the analysis of variance was performed by the
Feasible Weighted Least Squares method with White’s (1980) correction, as described by Long
and Ervin (2000) with the means compared using Games & Howell test (1976). The analysis of
variance showed significance for the NIR band data variations during the day for all three sensors
(Table 9).
Table 9. Analysis of variance of the diurnal reflectance at the near infrared waveband obtained
from all three sensors ACS, PSC, and STS.
Sensor
Index
CV
DF
ACS
NIR
0.98
12
PSC
NIR
6.18
12
STS
NIR
3.40
12
**
= significant at an 1% probability level

SS
MS
2407234 200603
21109
1759.1
1618.0 134.83

F
19.660**
1759.1**
134.83**

P
< 0.0001
< 0.0001
< 0.0001

The NIR differences between hours for the ACS sensor had a coefficient of variation of
0.9793%. Decreasing NIR readings were observed from 6:00 until 10:00, then a relative increase
occurred at 11:00 followed by an hourly decrease until the 13:00 hours. At 14:00 hours near
infrared readings increased again and decreased at the 15:00 hours, increased again at the 16:00
hours. From the 17:00 to the 18:00 hours the readings declined becoming more significantly
different from the initial hours of the day.
The readings of the NIR band from the ACS sensor followed a different trend from the
RED and RE bands towards the end of the day, with a decrease instead of increasing. For the PSC
with a coefficient of variation of 6.1813%, NIR results showed significant differences from the
initial hours 8:00 to 10:00 and final hours 15:00 to 17:00 to the middle of the day from 11:00 to
14:00. In addition, they were significantly different from 6:00, 7:00 and 18:00. The results for the
significance analysis are presented in Figure 13.
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Figure 13. Tukey test results for the diurnal NIR waveband reflectance using the active crop sensor
(ACS), and Games & Howell test results using the parrot sequoia camera (PSC) and the
spectrometer sensors (STS). Error bars obtained from the standard error. Means followed by the
same letter are not significantly different at a 5% probability level.
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Among the three sensors the RED band for the STS presented the highest F = 3370.6 value
and highest coefficient of variation 12.04 %, followed by the PSC F = 586.03 value and coefficient
of variation 2.84 % and then ACS F = 53.31 value and coefficient of variation 1.97 %. For the RE
band, the PSC sensor had the highest F = 1823.6 value and highest coefficient of variation 4.27
%, followed by the STS F = 1092.3 value and coefficient of variation 0.76 % and the ACS F =
12.73 value and coefficient of variation 0.07. In the NIR band the PSC sensor had the highest F =
1759.1 value and highest coefficient of variation 6.18 %, followed by the STS F = 134.83 value
and coefficient of variation 3.40 % and the ACS F = 19.66 value and coefficient of variation 0.98.
Which indicates the higher sensitivity to the changes during the day for these bands obtained using
these sensors. This was also observed when cloudy conditions changed solar radiation with a
noticeable peak at the 12-hour, which was recorded by the ACS sensor through the incident
photosynthetically active radiation (IPAR). The reflected photosynthetically active radiation
(RPAR) responses throughout the day shows similar constancy to all data obtained by the ACS
sensor, which was not the case for the passive sensors (Figure 14).
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Figure 14. Spectral reflectance for the Incident Photosynthetically Active Radiation (I_PAR) and
Reflected Photosynthetically Active Radiation (R_PAR) responses throughout the day from the
ACS-430 and DAS-43X active sensor.
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Vegetation Indices Variability Comparison Among Active and Passive Sensors
The variations observed in the reflectance from the wavebands obtained affected the
vegetation indices. The results showed that increases in the solar radiation impacts the NDVI
responses for all three sensors, with decreased NDVI readings as the solar radiation increased,
however, the variations were more pronounced with the PSC and STS sensors compared to the
ACS (Figure 15).

Figure 15. Diurnal NDVI for the active crop sensor, parrot sequoia camera, and spectrometer
sensors. The green line corresponds to the mean and the red lines to 3 standard deviations from the
mean. UCL: upper control limit, LCL: lower control limit, 𝑥̅ : average. The red square indicates a
mean outside the control limit of 3 standard deviations.

The maximum reflectance in NDVI values were reported at the diurnal solar radiation from
6:00 to 9:00. When the sunlight intensity started to increase around 10:00, it increased the
reflectance energy in the red wavebands and thus decreased the NDVI values, however, it was not
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a drastic decrease when comparing to the passive sensors. The results for the NDVI vegetation
index for the Levene test at 5% probability level (Gastwirth et al., 2009) had a PLevene = 0.4459 for
the ACS, PLevene = 0.0617 for the PSC, and PLevene = 0.0002 for NDVI for the STS sensor.
The data from the STS showed evidence to reject homoscedasticity by the Levene test at a
5% probability level. Therefore, the analyses of variance was performed by the Feasible Weighted
Least Squares method with White's (1980) correction, as described by Long and Ervin (2000).
Means comparisons were performed by the non-parametric test of Games-Howell (1976). Tukey’s
test was used for the other two sensors.
The analysis of variance also showed significance for NDVI variations during the day for
all three sensors with a F = 83.759 and P<0.0001 values for NDVI from the ACS, F = 32.599 and
P<0.0001 values for NDVI from the PSC, and F = 8582.1 and P<0.0001 values for NDVI from
the STS (Table 10).
Table 10. Analysis of variance for the NDVI measured using the ACS, PSC, and STS sensors
throughout the day.
Sensor
Index
CV
DF
ACS
NDVI
1.66
12
PSC
NDVI
11.59
12
STS
NDVI
6.97
12
**
= significant at an 1% probability level

SS
0.0148
1.9584
102985

MS
0.0012
0.1632
8582.1

F
83.759**
32.599**
8582.1**

P
< 0.0001
< 0.0001
< 0.0001

NDVI readings followed a trend from the earliest to the late hours using the ACS. From
the 8:00 hour NDVI started to decrease, and until 10:00 it was significantly different from 6:00
and 7:00, and the rest of the day. This trend continued until the variations became less frequent
from the 13:00 until the 18:00 hours. The passive sensors PSC and STS had a similar behavior,
from 9:00 until 12:00 for the PSC, and from 7:00 to 14:00 for the STS, both with significant
variations between those hours, but after that the variations did not show a pattern, fluctuating up
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and down, and found to be significantly different as well. The decreasing effect in VI reflectance
caused by changes in solar radiation found here, were also reported by Suarez et al. (2008) and
Kim et al. 2012.
The variations observed for NDVI (Figure 15) can be explained by the increase in NIR and
RED reflectance responses and are significant based on the results from the Tukey test used to
compare the NDVI means from the ACS and PSC sensors. For the NDVI means from the STS
sensor, the comparison was performed using Games & Howell test and are indicated by different
letters (Figure 16).
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Figure 16. Tukey test results for the diurnal NDVI using the active crop sensor (ACS) and parrot
sequoia camera (PSC), and Games & Howell test results for the NDVI using the spectrometer
sensor (STS). Error bars obtained from the standard error. Means followed by the same letter are
not significantly different at a 5% probability level.
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The trend followed by the NDVI readings from the earliest hours to the late hours was not
observed with the CIRE vegetation index readings from the ACS. Although CIRE readings also
had significant variations.
The data for CIRE did not present a pattern as observed with NDVI and occurred with
fluctuations throughout the day (Figure 17). From 6:00 to 10:00, both behaved similarly and were
significantly different, but CIRE readings from ACS never reached stabilization during the hours
of the study. In comparison, the readings for the PSC sensor also showed significant variations for
the calculated CIRE during the day and at any moment indicated uniformity in the data. Which is
a problem for data collection, making the use of this sensor very dependent of uniform conditions
for data acquisition.

Figure 17. Diurnal CIRE for the active crop sensor, parrot sequoia camera, and spectrometer
sensors. The green line corresponds to the mean and the red lines to 3 standard deviations from the
mean. UCL: upper control limit, LCL: lower control limit, 𝑥̅ : average. The red square indicates a
mean outside the control limit of 3 standard deviations.
37

The analysis of variance results for CIRE with significantly differences for all three sensors
is presented in Table 11.
Table 11. Analysis of variance for the CIRE measured using the ACS, PSC, and STS sensors
throughout the day.
Sensor
ACS
PSC
STS

Index
CIRE
CIRE
CIRE

CV
2.95
17.55
2.56

DF
12
12
12

SS
0.0103
68.935
6364.2

MS
0.0009
5.7446
530.35

F
18.847**
675.31**
530.35**

P
< 0.0001
< 0.0001
< 0.0001

The variations in CIRE from PSC were very contrasting regarding to the overall mean
collected from the sensor, and comparing it between the two passive sensors, the PSC
demonstrated to be the most sensitive to the changes in the ambient, with a significant decrease in
CIRE values when the sunlight intensity was highest at noon, which is a result of the increased
reflectance of the RE band values, resulting in decreased calculated CIRE. In addition, the
fluctuation in variations were reported all afternoon with an increase again at the end of the data
collection. This increase reflects the impact of the higher RE readings measured by the sensor
when changes in light caused by clouds and Sun’s zenith occurred.
Comparing the results from STS, also found to have significant variations, they turned out
to be more like the ACS readings than the results from the PSC. Even though, presenting
significant variations throughout the day, the STS variations were not too far from the overall
mean. Indicating less effect of the ambient changes on the information obtained. CIRE means from
the ACS and PSC were compared using the Tukey test, while STS means comparison was done
by Games & Howell test (Figure 18).
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Figure 18. Tukey test results for the diurnal CIRE using the active crop sensor (ACS) and parrot
sequoia camera (PSC), and Games & Howell test results for the CIRE using the spectrometer
sensor (STS). Error bars obtained from the standard error. Means followed by the same letter are
not significantly different at a 5% probability level.
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Summary and Conclusions
The spectral reflectance and VIs for sensing the N status of corn were compared through
different hours of the day, and under different weather conditions and sun irradiation angulation.
The data was collected from the same location throughout the day in a period of 13 hours, under
challenging conditions for UAS and passive sensors use.
Active sensors should not present variations on the data collected throughout the day.
However, data collection using active and passive sensors was greatly affected by the time of the
day, resulting in significantly different values for the reflectance and vegetation indices calculation
obtained from different sensors. The time of the day found to affect data collected from different
sensors as well on the same sensors. The overall differences in significance between hours for the
ACS can be explained by the higher accuracy of the sensor, in which results in significant variation
analysis for very small differences in the data.
The data obtained from the PSC and the STS spectroradiometer, contrary to the ACS,
presented prominent significant variations in measurements at different times of the day, specially
observed when ambient conditions changed solar radiation which indicates higher sensitivity to
changes during the day for the wavebands and vegetation indices derived using these sensors.
The results of this study can support the sensor type selection based on the time of the day
and consistency of data collected, depending on the variability and precision needed of the target.
The ACS resulted in the best sensor to be used independetly of the time of the day as expected
from an active sensor. The STS could be an alternative to the ACS if less variation is expected,
but it is less practical to be used. If the objective is to cover a large area in a short time, the PSC
would be the best, but taking into cosideration that ideal conditions should be met to guaratee
reliable data.
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The wavelengths reflectance responses for the two vegetation indices are very sensitive
depending on the type of sensor used. However, the CIRE vegetation index presented to be more
constant using the ACS and STS sensors, compared to the NDVI that was better using the ACS.
However, the cost and ease of use will be the determining point for selection of the type of
sensor and for adoption by farmers. This in the end can turn the use of this technology unviable
for practical use, being more suitable for scientific research. For that reason, lower costs are being
addressed by some companies, and the availability of these products at affordable cost are
increasing.
The capabilities of the sensors are also requiring less processing and computations of
measurements, and farmers or consultants will prefer to adopt a sensor that gives them data ready
to be used, providing different measurements at the same moment, instead of having to deal with
excessive data management, wich turn the sensors less atractive.
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CHAPTER 3. ALGORITHM AND APPROACHES EVALUATION FOR INSEASON NITROGEN RECOMMENDATIONS USING ACTIVE AND
PASSIVE SENSORS
Introduction
Uncertainty in climatic conditions and soil spatial variability have a great impact in
nitrogen (N) cycling and corn (Zea mays L.) growth, imposing a very difficult challenge for
accurate N predictions and management. The technology available at the present day, allows
farmers to measure, analyze and deal with in-field variability in greater detail, which was not
possible before. Precision agriculture principles such as variable rate application decisions and
treating small areas of a field as separate management units help to handle this within-field
productivity variation, consequently maximizing yield.
The main reason for adopting a strategy of variable-rate application is variability. Whether
spatial variability, consisted of variations in crop, soil, and environmental characteristics over
distance and depth, or temporal variability, consisted of the same variation’s characteristics over
time. Such variability can be seen in soil fertility, moisture content, soil texture, topography, plant
vigor, etc. While some are very stable such as soil texture and organic matter, others can fluctuate
daily such as nitrate (NO3-) levels and moisture content.
Current crop production management practices ignore in-field variability and make
application of inputs uniformly. Usually based on averaged characteristics information collected
from an entire field, in which a likelihood of wrong estimation of nutrient requirements can lead
to overapplication or underapplication. With economics and environmental impacts being some of
the most important factors driving the changes for a better management of inputs, the use of
precision agriculture tools will have an important role on achieving a more sustainable
management of inputs. Corn fertilization using precision agriculture tools is constantly increasing,
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and with the advances in technology several research studies are being conducted using sensorbased algorithms to improve N management in corn production systems.
Two of the most frequently utilized frameworks for corn N management were developed
by Raun et al., (2005) based on the GreenSeeker, (Trimble Inc., Sunnyvale, CA, USA), and
Holland and Schepers (2010) based on the Crop Circle (Holland Scientific, Lincoln, NE, USA).
Tubaña et al., (2008) developed an optimized algorithm to estimate N rates for midseason that
could result in maximizing corn growth and reduction of fertilizer rates using the GreenSeeker.
Shiratsuchi et al (2011), studied the relationship between N status using data from sensor fusion
(Crop Circle sensors, ultrasonic plant height sensors and infrared thermometers) to refine real-time
adjustments of N application rates during the growing season while avoiding the crop water status
interference on sensor readings.
To estimate in-season N status, data from multispectral band reflectance was used to
calculate vegetation indices (VI) as indicators of N status. Therefore, using sensors to obtain
reflectance measurements that are correlated to N status can improve corn fertilization. The
objective of this research was to evaluate an in-season N recommendation algorithm based on an
approach that reflects local conditions and needs for N using active crop canopy sensor
measurements and unmanned aircraft systems (UAS) coupled with multispectral camera validating
and comparing the algorithm proposed with N rich approaches. The second objective of this
research was to evaluate the potential of the use of an active crop canopy sensor (ACS) and an
unmanned aircraft system coupled with a multispectral band camera for in-season N requirement
estimation through the development of approaches for these two types of sensors under different
soil characteristics and variable N supply conditions.
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Materials and Methods
Field Experiments
Field trials were conducted to determine nitrogen sufficiency index (NSI) responses based
on different N rates, to be used in the generation of algorithms for N recommendation from data
collected from active and passive sensors. The experiments were conducted in three fields at the
Doyle Chambers Central Research Station located at Ben Hur Road, Baton Rouge, LA, 30.365°N,
-91.166°W, with continuous corn during the growing seasons from 2018 to 2021 for Field 1, and
during the growing seasons of 2019 to 2021 for Field 2 and Field 3 (Table 1).

Table 1. Description of the three cornfields where the trials were conducted for this experiment.
Field
Year
Location
Area (ha) Exp. Units Dim. (m) Obs. Units
Field 1

2018-2021

Baton Rouge - LA

1.3

435

8x4

65

Field 2

2019-2021

Baton Rouge - LA

0.6

105

36.5 x 4

36

Field 3

2019-2021

Baton Rouge - LA

0.6

105

36.5 x 4

36

Exp. Units: number of experimental units in the trial design; Dim: plot dimensions; Obs. Units:
number of observations with the approaches applied.

Field 1
The soil type was predominately Canciene silt loam with 61.9 % and Thibaut silty clay
with 38.1% (Figure 1). The experiment was installed under a Latin Square design with a total of
21 Latin square repetitions, N fertilization was implemented using four rates applied after full
emergence of plants and a control treatment without N fertilization (Table 2).
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Field 1

Field 2
Field 3

Figure 1. Field trials and soil classes present. In Field 1 CmA: Canciene silt loam; ThA: Thibaut silty clay, and in Fields 2 and 3 CmA:
Canciene silt loam.
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The highest N rate was considered an N-rich treatment (336 kg of N ha−1) for being a rate
higher than the common practice applied by farmers in Louisiana (252 kg of N ha−1). The trials
were planted with a maize hybrid Dekalb in 2018 and 2019, and Progeny 2020 and 2021 with a
116-day comparative relative maturity. Planting occurred in different dates through the years due
to weather conditions impacting the time of planting. March in 2018 and 2020, both years with
actual dates on March 26th and 19th respectively. In 2019, planting occurred on April 30th. Because
of the above normal average amount of rainfall in 2021, seed germination was poor, and the field
had to be re-planted 2 times, causing a delay for 2021 growing season with plants finally being
established after the last re-planting on June 10th. The plots were 8 m long and 4 m wide with four
rows per plot.

Table 2. Treatment rates for the three corn fields used to calculate the NSI and N recommendations.
Seed Rate (seed ha-1)
Field 1 Field 2 Field 3

N Rate (kg ha-1)
Field 1 Field 2 Field 3

59.000

-

-

0

0

0

84.000*

84.000*

84.000*

50

45

45

109.000

-

-

151

224

224

133.000

-

-

252

269

269

336
*Seed rate of the plots used for the approach treatments.

-

A John Deere 7810 with a MaxEmergePlus VacuMeter Sower attached with rims set for 4
rows was used to plant the corn at 0.96m row widths spacing, with plots having a population stand
of 59.000; 84.000; 109.000; and 133.000 plants ha-1. The N fertilizer (UAN) was knifed-in in the
soil surface at 6 inches depth using a knife-in applicator rig controlled by traction 1 week after full
emergence of plants (Figure 2).
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Figure 2. Liquid Knife-in applicator for Urea Ammonium Nitrate (UAN).

Fields 2 and 3
The soil type was 100% Canciene silt loam. The area of study had two management
systems practice applied, where the soil of Field 2 was tilled, and the soil of Field 3 was not. The
experimental design used was a randomized complete block design, with 3 replications. Nitrogen
fertilization was implemented using three N rates applied after full emergence of plants and a
control treatment without N fertilization (0, 45, 224, and 269 kg of N ha−1) (Table 2). The trials
were sowed with a maize hybrid Dekalb in 2019, and Progeny 2020 and 2021 with a 116-day
comparative relative maturity. Planting occurred in different dates through the years due to weather
conditions impacting the time of planting. In 2019, planting occurred on April 12th, in 2020 and
2021, planting occurred on March 19th and 22nd respectively. The plots were 12 m long and 4 m
wide with four rows per plot. A John Deere 7810 with a MaxEmergePlus VacuMeter planter
attached with rims set for 4 rows was used to plant the corn at 0.96m row widths spacing and
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seeding rate of 84,000 plants ha-1. Three sources of N fertilizer were used in this field, urea, coated
urea with N-stabilizer and UAN. The granular sources were applied by hand approximately 15 cm
away from the plants, and the liquid UAN was knifed-in in the soil surface. Fertilization occurred
1 week after full emergence of plants (Figure 3).

Figure 3. Fields 2 and 3 N ramp plots fertilization by hand with granular urea and liquid urea
ammonium nitrate (UAN).
The different fertilization rates were used to create a fertilizer response ramp to be
correlated with the VI obtained from the reflectance data. Then, the NSI was calculated in response
to each N-rate applied. Based on the NSI calculated, N recommendation was generated using the
LSU AgCenter recommended rate for N fertilization for corn in Louisiana, which is 1.12 to 1.40
kg of N per bushel of corn as reference (to harvest 225 bushels ~252 kg ha-1), which served as the
base for the algorithm generation for N recommendation in this study.
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Vegetation Index Used, N-Rich and N Virtual Sufficiency Index Approach
To avoid the red wavelength effect on NDVI saturation, Chlorophyl Index Red Edge
(CIRE) was selected to be used in this study, which uses the near infrared (NIR) and red edge
reflectance data obtained from the active sensor and the drone camera to calculate nitrogen
sufficiency index for different N rates using active and passive sensors, and then generate N
recommendations for plots where the yield responses to these rates were analyzed. The red edge
improves sensor sensitivity to chlorophyll content and plant biomass (Gitelson et al., 1996). The
CIRE was calculated using the following equation 1:
ρ NIR
CIRE =

ρ Red Edge

(1)
–1

Where ρ NIR corresponds to the reflectance at the near infrared and ρ Red Edge corresponds to
the reflectance at the red edge region of the electromagnetic spectrum. The Chlorophyll Red Edge
Index calculated using the reflectance’s obtained from the sensors was used to generate the
Nitrogen Sufficiency Index (NSI) through the normalization procedure, which has been reported
to reduce the differences between cultivars, canopy structure, and fields (Peterson et al., 1993;
Hussain et al., 2000; Biggs et al., 2002; Debaeke et al., 2006; Holland and Schepers, 2010; Zhu et
al., 2011). The NSI is calculated by dividing the CIRE obtained from each N rate applied by the
CIRE from the highest N rate applied, which was considered the N-rich in the field.

Virtual Reference Approach
The method used to determine the vegetation index (VI) value of reference plants without
establishing an N-rich strip was based on a patent developed by Holland (2009) and later suggested
by other approaches (Holland and Schepers 2011). The approach called ‘‘virtual reference’’ is a
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relatively simple process to be used by producers, it uses a frequency histogram threshold to
determine plants without N stress or rich. It is considered N rich VIs values that are above the 95percentile (De Marchi et al., 2021). Using a histogram with the CIRE data plotted in a cumulative
frequency, around 0.90 of CIRE or above it is considered that the crop has no N stress, and it is
considered rich using this approach (Figure 4).

Accumulated Frequency %
Figure 4. Chlorophyll Index Red Edge (CIRE) measurement in crops using active sensors (De
Marchi et al., 2021)
The approaches consisted of using the data collected from an active sensor and a passive
sensor, and the implementation of the virtual reference approach developed by Holland and
Schepers (2010), using the data from these sensors (Table 3).
Table 3. Nitrogen recommendation approaches abbreviations.
Approach
Description
ACS

Active sensor based on rich strip

ACS-V

Active sensor based on virtual approach

Drone

Drone camera based on rich strip

Drone-V

Drone camera based on virtual approach

HS

Holland & Schepers algorithm
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A strip with 15 plots from the total of 435 plots at the study area in Field 1, was used to
apply the N fertilization recommended based on the algorithm generated using four approaches
from this study and the Holland and Schepers approach. These 15 plots were fertilized with a
starter rate of 50 kg ha-1 of N right after plant emergence, and then sensed two weeks after
fertilization to calculate the N required by the plants through the season using the five approaches.
Previous studies found that the data from the sensor readings shows better correlation to yield
predictions at V7 growth stage (Tagarakis, Ketterings, 2018), which was the target sensing stage
in all fields.
For Field 2, 24 plots, 12 in the tillage system and 12 in the non-tillage system with 36.5 m
long and 4 m wide, were fertilized applying the N recommendation based on the four approaches.
These 24 plots were also fertilized with a starter rate of 50 kg ha-1 of N right after seed emergence,
and then sensed 2 weeks after fertilization to calculate the N required by the plants through the
season using the four approaches.
Nitrogen Recommendation Approach
The algorithm approach used was based on Varvel et al (2007) and calibrated and used for
all fields inside each growing season. Their calculation for in-season N requirements were
developed based on a quadratic response model obtained from a regression analysis of chlorophyll
meter readings and N rates (Figure 5). In this work the data was obtained using an active sensor
instead of a leaf clip and contact sensor such as chlorophyll meters. The baseline for algorithm
generation was developed by Shiratsuchi et al. 2011, 2014.
The NSI for each plot was calculated and plugged into the algorithm to determine N
recommendation based on an optimum rate of 252 kg N ha-1 to maximize yield (recommended rate
for corn production in Louisiana) from 2018 to 2020 to compare with the 4 approaches evaluated
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in this study. For the other four approaches, the N required equation was developed using the active
and passive sensor data from the fertilized plots with the fixed N rates to calculate the NSI for the
field and N needs for the plots to be fertilized.

Figure 5. Quadratic response model from regression analyses of relative chlorophyll meter reading
sufficiency index (SI) and N fertilizer rates at all growth stages combined for (1995-2004)
monoculture corn data at Shelton, NE, and an example of in-season N application calculation
(Varvel et al., 2007).
Then, N recommendations were calculated using a linear or polynomial equation obtained
from the inverse relationship between the NSI and the N rates values from the N ramp applied
plots (Figure 8). After the equations were calculated they were used as the base form of the
algorithm, in which the NSI from each plot to be fertilized using the approaches from the active
and passive sensors were plugged into the equation resulting in the amount on N required for
fertilization.
Holland and Schepers Approach
This approach is based on an N fertilizer response function and the relationship between
vegetation index data obtained in-season and N rate, implementing in-season spatial variability
data and the field economic optimum N rate among other variables (Holland and Schepers, 2010).
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Approaches Using Active Sensors
A Crop Circle Phenom consists of two active sensors ACS-430 that measure reflectance in
three different wavelengths (670, 730, and 780 nm) and DAS-44x, that measures canopy
temperature, plant height, leaf area index (LAI), ambient temperature, reflected and incident PAR,
chlorophyll content estimation, relative humidity, and atmospheric pressure (Holland Scientific,
Lincoln, Nebraska, USA). The sensor was attached to a Bowman Mud-Master high clearance
tractor using a metal platform to provide stability (Figure 6).

Figure 6. Crop Circle Phenom sensor mounted to a support frame attached to the Bowman Mudmaster high clearance tractor for data collection on center rows (rows 2 and 3).
The sensors were placed to collect reflectance data from the corn plants at the two middle
rows in each plot at different growth stages from V4 until it was possible to drive the equipment
in the field without damaging the crops around V11. They were connected to a GeoSCOUT data
logger handheld computer (Holland Scientific, Lincoln, Nebraska, USA) responsible for logging,
saving and georeferencing the data measurements with the corresponding location in the field
(Figure 7).
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(a)
Infrared Temperature Sensor

Ambient Air Temperature Sensor
Active Light Source

Relative Humidity
Atmospheric Pressure

Three-band Proximal Sensor
(670nm,730nm,780nm)

Incident PAR

(b)

Figure 7. Crop Circle Phenom sensor system (a) ACS-430 and DAS-43X sensor components and
(b) GeoSCOUT Data Logger with DGPS.
Using the Crop Circle Phenom sensor, N recommendation was determined by two
approaches: Active Approach and Active Virtual Approach. The Active Approach is based on the
reflectance data obtained from the plots being used to calculate the Chlorophyl Index Red Edge
vegetation index (CIRE) and averaged by plot for each N rate applied to calculate the NSI. The
Active Virtual Approach also uses the same reflectance data, however, instead of using averages
by plot, a cumulative histogram of the entire dataset with the starter N rate applied is used to
determine the 95-percentile reference value, which represents the healthiest plants with non-N
deficiency in the field, to then calculate the NSI. A function of response of N required was derived
based on the NSI calculated for each N rate applied, then the linear or polynomial equation
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obtained from each approach was used to recommend the N rates. For example, the Active
approach from Field 2 in 2020 would have the following equation 2:
N REQ = -217.04 * (plot NSI)2 + 68.313 * (plot NSI) + 148.88

(2)

Where the plot NSI corresponds to the NSI calculated using the average CIRE data
obtained from the ACS-430 sensor. The N starter application will then be subtracted from the
results of that equation, which will give the final N recommendation to be applied.
The high clearance tractor allowed for sensing the crops for a longer period during the
growing season and with the metal support attached, it helped to maintain the minimum distance
required by the sensor manufacturer of at least 25 cm between the sensors and the top of the crop
canopy for data acquisition. The area sensed consisted of 435 plots. Each plot was 8 x 4 m, with 4
rows, and sensed at rows 2 and 3 every time. To be able to sense rows 2 and 3, two sets of sensors
was set up on the platform positioned with approximately 1 m apart, requiring only one pass
through each plot. An average of 20 readings per plot was recorded and georeferenced with the
GeoSCOUT data logger. Sensor’s measurements were filtered and processed using Microsoft
Excel and an open-source software QGIS.

Approaches Using Passive Sensor
An unmanned aircraft system (UAS) DJI Inspire I drone coupled with a 3-band
multispectral camera (Red, Green, Near Infra-Red and Red-Edge) Sentera double 4K (Sentera,
Saint Paul, Minnesota, USA) was used to collect high resolution images from the field trials. After
image acquisition, processing of the images to obtain a full mosaic of the field was completed
using Field Agent and Pix4d. Further processing for extraction of data was done using QGIS.
Vegetation indices were calculated from the Near infrared, Red, and Red-Edge bands. The imagery
used to extract these data was obtained at the same days the sensor readings from the
55

active sensors were collected to be used for developing the algorithms.
Using the UAS, N recommendation was also determined by two approaches based on the
data from the passive sensor, named here as Drone Approach and Drone Virtual Approach. The
Drone approach is based on the reflectance data from the image obtained from the plots being used
to calculate the CIRE and averaged by plot for each N rate applied to calculate the NSI. The Drone
Virtual approach also uses the same reflectance data, however, averages by plot was not used in
this approach, but a cumulative histogram of the data. Likewise, the methodology from the virtual
reference and the Active Virtual Approach, where the cumulative histogram was used to determine
the 95-percentile reference value, to then calculate the NSI. The UAS flight, followed a flight plan
designed with the field agent software from Sentera at a flight altitude of 46 m, using an overlap
of 75% and at a speed of 7.6 m s-1.
The equations 3, 4, 5, and 6 for the algorithm recommendations were calculated every year
with the current data obtained in the year for each field. The following equations are from the Field
2 for the year of 2020 for the four approaches illustrated in Figure 8.
•

Active
y = -217.04x2 + 68.313x + 148.88

•

(3)

Active Virtual
y = -275.29x2 + 76.937x + 148.88

•

(4)

Drone
y = -121.1x2 - 71.06x + 195.11

•

(5)

Drone Virtual
y = -72.692x2 - 107.72x + 209.88

(6)
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Figure 8. Polynomial response models from Nitrogen Sufficiency Index (NSI) calculated using
Chlorophyll Index Red Edge (CIRE) and N fertilizer rates obtained from the fertilization ramp
from plots in Field 2.

Algorithm Trials
Ten site -years were conducted from 2018 to 2021 in the LSU AgCenter Central Research
Station. All trials had a starter N application of 50 kg N ha−1 after full emergence of plants. The
number and the size of plots varied from Field 1 to Fields 2 and 3. There were 15 plots at Field 1,
and plots were 8 m long by 4 m wide with four rows, while there were 24 plots at Fields 2 and 3,
and plots were 36.5 m long by 4 m wide with four rows.

Data Processing and Analysis
All data collected, for both active and passive sensors, were merged into a grid with the
plots containing the treatments applied in the field using QGIS. Georeferencing corrections were
made to assure the data collected was associated to the right plots in the field. After the completion
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of all these processing steps, the data was ready to be extracted and analyzed. Processing and
analysis of the data for the active sensor were conducted using Microsoft Excel and QGIS. The
data acquired from the ACS is saved on a .csv file format, which allows for fast compilation and
analysis, not needing a lot of processing, thus, filtering and organization was performed using
Microsoft Excel.
The images captured from the passive sensor Sentera camera are saved in .tiff file format.
After image acquisition, processing of the images to obtain a full mosaic of the field was completed
using the software Field Agent and Pix4d (Figure 9). Further processing for extraction of data was
done using QGIS. The imagery used to extract these data was obtained at the same days the sensor
readings from the active sensor were collected to be used for developing the algorithms. Using
QGIS, information was extracted from the field mosaics for every plot using a zonal statistics tool
from QGIS allowing for calculation of the average data from the area of every plot for each band
(NIR, RED, and REG) in the form of digital number, and further was transformed into reflectance
values. The data was exported into an excel file format and used to compute the vegetation index
for analysis.
In this study, the data from the N rates ramp including the 0-N and the N-rich plots from
the entire trial was used to access the N status of the plants for in-season N recommendation. The
first step was to determine the NSI for the plots with the different N rates applied including the 0N for each set of sensor readings, which was calculated using the vegetation index by the reference
index value found for the highest N rate. Then, based on the optimum N rate recommendation to
maximize yield for corn in Louisiana, a function of the N requirements for each N rate fertilized
was derived, which corresponded to the N recommendation needed to apply. Contrary to this study,
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most of the studies related to N recommendations based on an algorithm usually relies only on a
N-rich fertilized and unfertilized areas.

Yield Assessment
The two center rows of the plots were harvested for grain. Harvest was performed using
the Kincaid 8XP harvester (Kincaid, Haven, KS, USA) and grain moisture content was correct to
an average of 15 g kg-1. Yield responses and PFP obtained from the recommended fertilization
were compared to identify the approach with the best performance.

Statistical Analysis
To evaluate approach effects from N recommendation on grain yield and partial factor
productivity, the 10 site-year data were analyzed using a MIXED model procedure in SAS v 9.4
(SAS Institute Inc., Cary, NC, USA). In this analysis, Yield obtained from algorithms (approaches)
treatments, partial factor productivity (PFP) and year were considered fixed effects, whereas
replication, treatment × replication, and replication × year interactions were considered random
effects. The data were analyzed by year when a significant treatment × year interactions were
observed, and means were separated using the LSMEANS statement at p ≤ 0.05 levels of
significance using the Tukey test.
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Figure 9. Flowchart for the algorithm approaches generation and validation steps used in the three fields for this study.
60

Results and Discussion
In-season Weather Conditions
Amongst the years of 2018, 2019, 2020 and 2021, precipitation for the corn growing season
ranged below the year average for 2018, ranges above average in 2019 and 2021, and relatively
average range for 2020 regular precipitation events from planting until harvest.
The weather condition for the growing season at the experimental sites varied at the
different developmental stages of the corn from year to year. Variation in average air temperature
was similar for all years, rapidly increasing from the time the crops were sensed for fertilization
requirement calculation, from around 30 ºC in May to around 35 ºC, around the end of the season
and time of harvest (Figure 10). The precipitation pattern was different among the years. In 2018
the total amount of precipitation was 675 mm being the driest year and having the worst
precipitation distribution among all the years. It was 56% lower than 1.508 mm from 2021, the
year with the highest precipitation recorded. The year 2019 with 1.315 mm, and 2020 with 1.019
mm, were 13% and 33% lower than 2021, respectively. Besides 2018, the other years presented a
better distribution pattern through the season.
The impact of below average precipitation and irregular distribution right after fertilization
occurred could disrupt the yield responses to the treatments applied, affecting crop development
and nutrient up-taking. However, yield responses from the driest year, 2018, for Field 1, showed
the highest yield for all four years. A possible explanation for that could lie on the field preparation
prior to planting. Plowing the field allowed for easy root growth and nutrients incorporation, which
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Figure 10. Precipitation and temperature recorded during the growing season of 2018, 2019, 2020,
and 2021. P: planting time, S: sensing time, F: fertilization time.
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was confirmed by the highest yields being observed for 2018 and 2021 for Field 1, with both years
having the soil prepared before planting.
Although the total precipitation and distribution in 2019 may have been enough to promote
crop development and nutrient up-take greater than in 2018, there was a significant reduction in
yield. Planting occurred without tilling the soil. This transition to a no tillage impacted the yield
responses resulting in yield decrease throughout the entire field. The yield responses for 2020 and
2021 increased, compared to 2019. In 2020, there was no cultivation of the field prior to planting
for the second consecutive year. However, in 2021 the field was cultivated because of the intense
amount of precipitation recorded. Due to the low infiltration and poor drainage seed germination
was impacted, resulting in the re-planting of the field for three times until the crops were able to
be established. Even with the delay on crop establishment, yield responses for 2021 increased and
were greater than 2019 and 2020.
Approaches Comparison Based on Yield Responses
Field 1
Corn yield averaged across years was 7,475 kg ha-1 for the Drone-V approach, significantly
higher than 6,263 kg ha-1 for the ACS approach, 6,051 kg ha-1 for the ACS-V approach, and 6,277
kg ha-1 for the Holland and Schepers (HS) approach, but not significant from 6,595 kg ha-1 for the
Drone approach, which was statistically similar compared to the ACS, ACS-V, and HS (Table 4).
Table 4. Averaged yield responses across years for the three trial fields. Means followed by the
same letter are not significantly different at p < 0.05.
Averaged yield (kg ha-1)
Approach
Field 1
Field 2
Field 3
Active (ACS)
6,263 B
12,787 A
11,148 B
Active Virtual (ACS-V)
6,051 B
12,638 A
11,994 B
Drone
6,595 B
13,138 A
12,409 B
Drone Virtual (Drone-V)
7,475 A
12,793 A
15,774 A
Holland and Schepers (HS)
6,277 B
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Comparing the approaches by year, yield responses were statistically similar in 2018, 2019
and 2021, however, significantly different in 2020. In 2018 the Drone-V approach showed the
highest yield 9,931 kg ha-1, followed by 9,656 kg ha-1 for the ACS, then Drone 8,855 kg ha-1, ACSV 8,598 kg ha-1, and HS 8,567 kg ha-1 (Figure 11). In 2019 the yield differences were also
statistically similar. However, the highest yield was recorded for the ACS-V 3,516 kg ha-1, which
was 28% greater than the lowest yield from ACS 2,559 kg ha-1. The Drone-V 3,327 kg ha-1 was
the second highest yield for 2019, then HS 3,282 kg ha-1, and the Drone 2,810 kg ha-1 (Figure 11).

Figure 11. Yield responses for the approaches applied in the Filed 1 in 2018 and 2019. Means
covered by the same bar are not significantly different at p < 0.05 based on the Tukey test.
Significant differences were found in 2020 between the highest yielding approaches DroneV and HS and the lowest yielding approaches ACS and ACS-V. However, yield for the Drone was
statistically similar compared to the highest and lowest yielding approaches (Figure 12). HS
approach was applied only in 2018, 2019, and 2020 at Field 1, therefore, there was no comparison
with HS approach for the year 2021 and at the Fields 2 and 3. For 2021, which not presented
statistically significant differences between approaches as well, the highest yield was achieved for
the Drone-V with 8,386 kg ha-1, then Drone 8,050 kg ha-1 only 4% lower than the Drone-V,
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followed by the ACS 7,678 kg ha-1, and the ACS-V 7,551 kg ha-1, which was 9% and 10% lower
than the highest one respectively (Figure 12).

Figure 12. Yield responses for the approaches applied in the Field 1 in 2020 and 2021. Alg:
approach, yr: year. Means covered by the same bar are not significantly different at p < 0.05 based
on the Tukey test.
Field 2
The average yield across years in Field 2 was approximately 50% greater than the averages
found in Field 1. The greater yield response 13,138 kg ha-1 was achieved using the Drone approach.
However, they were all statistically similar and were lower by less than 5%, in which the DroneV yielded 12,793 kg ha-1, 3 % lower than the Drone, the ACS yielded 12,787 kg ha-1, also 3%
lower, and the ACS-V with 12,638 kg ha-1 being the lowest of all, but only 4% lower. The averages
and statistical significances are illustrated in Table 4.
When analyzing the yield results by year, 2019 and 2021 were statistically similar among
all approaches, but showing significant differences in 2020. The yield in 2019 was the highest
when the ACS and ACS-V approaches were used, resulting in a yield of 15,949 kg ha-1 and 15,869
kg ha-1 respectively, with ACS-V yielding less than 1% lower. The yield for Drone-V 13,101 kg
ha-1 was 18% lower and the yield for Drone was 12,297 kg ha-1 being the lowest and 23% less than
the ACS (Figure 13).
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Figure 13. Yield responses for the approaches applied in the Field 2 in 2019. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
Similarly, to Field 1, in 2020 there was significant differences among the approaches in
Field 2. The Drone approach had the highest yield 22,796 kg ha-1 and it was statistically similar to
the Drone-V, which yielded 20,275 kg ha-1, 11% less. Nevertheless, it was statistically different
from the ACS-V which was 18 % less and yielded 18,709 kg ha-1, and the ACS which yielded
18,173 kg ha-1, about 21 % lower (Figure 14).

Figure 14. Yield responses for the approaches applied in the Field 2 in 2020. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
There were not statistically differences found for approach’s responses in 2021 for Field 2.
However, a similar trend to Field 1 for the years of 2018, 2020, and 2021 was found showing the
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highest yield responses being achieved when the Drone-V approach was applied. The yield
obtained for the Drone-V in 2021 was 5,002 kg ha-1, followed by the Drone with a reduction of 14
% compared to Drone-V at 4,321 kg ha-1, then ACS with 4,240 kg ha-1, 16 % lower and the ACSV this time yielding 34 % lower at 3,337 kg ha-1 (Figure 15).

Figure 15. Yield responses for the approaches applied in the Field 2 in 2021. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
Field 3
Similar to Field 2 an increase occurred in the averages across the years for Field 3 compared
to Field 1. Again, the Drone-V approach achieved the highest yield response at 15,774 kg ha-1,
followed by the Drone approach with 12,409 kg ha-1, which represents 21 % less yield, then with
a reduction of 24 % the ACS-V approach yielded 11,994 kg ha-1, and the lowest yield average 29
% below was found for the ACS approach at 11,148 kg ha-1 (Table 4).
Among the years, for the Field 3 trials, the approach Drone-V obtained the highest yield
for the 3 years. In 2019, the yield responses were 16,084 kg ha-1 for the Drone-V, followed by
15,867 kg ha-1 for the Drone with a very small percentage difference of 2%, then a noticeable
decrease of 19 % was observed for the ACS and the ACS-V, where the yield obtained by these
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approaches were 13,043 kg ha-1 and 12,924 kg ha-1 respectively. Although, yielding 19 % less than
the Drone-V there was no statistically significant differences to differentiate them (Figure 16).

Figure 16. Yield responses for the approaches applied in the Field 2 in 2019 and 2020. Means
covered by the same bar are not significantly different at p < 0.05 based on the Tukey test.
Contrarily, the responses for 2020 resulted in statistically different means, with 25,342 kg
ha-1 yield for the Drone-V leading the productivity ranking, followed this time by the ACS-V
approach with a productivity of 19,537 kg ha-1, which was 23 % below. The ACS and Drone
approaches had the lowest yield for 2020, both with an approximately decrease of 34 % in yield at
16,765 kg ha-1 and 16,564 kg ha-1 respectively (Figure 16). Only the ACS and Drone approaches
were statistically similar, while the other approaches were significantly different.
Average across years showed an increase for all approaches in Field 3, however, yield
results from 2021 were the lowest among all three years in all approaches. As observed before, the
Drone-V approach performed the best again for 2021 yielding 5,896 kg ha-1, then the Drone
approach in second with a 19% decrease in yield at 4,797 kg ha-1, followed by the ACS and ACSV, both with yields decreasing 38 % and 40 % compared to the Drone-V, where ACS yielded
3,636 kg ha-1, and ACS-V had 3,522 kg ha-1 (Figure 17).
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Figure 17. Yield responses for the approaches applied in the Field 3 in 2021. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
The year of 2021 was very impacted by the constant and intense amount of precipitation
recorded. Important sensor data acquisition was delayed, which resulted in delayed of fertilization
recommendations computation. In addition, the delay also caused by the field conditions being not
suitable for fertilization machinery and equipment to be used.
The results obtained using yield responses indicated statistically differences within a year
among approaches only for the year 2020 while they were statistically similar in the other years
for all three fields. Yield responses among year within an algorithm were statistically different for
the years of 2019 and 2020 p < 0.05 compared to statistically similar responses from the years
2018 and 2021 for Field 1. The observations from Field 2 resulted in statistically significant
differences for the ACS and ACS-V approaches found for the year 2021 compared to the years
2019 and 2020. While statistically significant differences were found for the Drone and Drone-V
approaches in all three years. For the Field 3, the ACS and Drone approaches were statistically
different only for the year 2021 p < 0.05, whereas the ACS-V and Drone-V approaches were
statistically significant different in all three years (Table 5).

69

Table 5. Analysis of variance (ANOVA) and means of algorithm approaches for corn yield (kg/ha) in
2018, 2019, 2020 and 2021.

Field

Approach

1

Active
Active Virtual
Drone
Drone Virtual
Holland and Schepers

2018
9,656 Aa
8,598 Aa
8,855 Aa
9,931 Aa
8,567 Aa
p-value 0.7081 NS

ANOVA
Algorithm (Algo)
Year (Yr)
Algo x Yr)

p-value

ANOVA
Algorithm (Algo)
Year (Yr)
Algo x Yr)

p-value

ANOVA
Algorithm (Algo)
Year (Yr)
Algo x Yr)

2021

2,559 Ca
3,516 Ba
2,810 Ba
3,327 Ba
2,559 Ba
0.9284 NS

5,158 Bb
4,539 Bb
6,664 Aab
8,256 Aa
7,706 Aa
0.0173 NS

7,678 Aa
7,551 Aa
8,050 Aa
8,386 Aa
0.9003 NS

15,949 Aa
15,869 Aa
12,297 Ba
13,101 Ba
0.4589 NS

18,173 Ab
18,709 Aab
22,796 Aa
20,275 Aab
0.0223 NS

4,240 Ba
3,337 Ba
4,321 Ca
5,002 Ca
0.9501 NS

13,043 Aa
12,924 Aa
15,867 Aa
16,084 Ba
0.3198 NS

16,765 Ac
19,537 Bb
16,564 Ac
25,342 Aa
<0.0001

3,636 Ba
3,522 Ca
4,797 Ba
5,896 Ca
0.6831 NS

0.9877 NS
<0.0001
0.1725 NS

Active
Active Virtual
Drone
Drone Virtual
3

2020

0.1702 NS
<0.0001
0.4955 NS

Active
Active Virtual
Drone
Drone Virtual
2

2019

0.0012
<0.0001
0.0143

Upper-case letters indicate differences between year within an algorithm, and lower-case letters
indicate differences among algorithms differences within a year.
Approaches Comparison Based on Partial Factor Productivity Responses
Field 1
High N rates recommended based on the approaches may provide assurance and sometimes
additional yield. However, the partial factor productivity is a great indicator of nitrogen use
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efficiency and a timeless indicator because it is not affected by the price changes in N fertilizers
and the greater the PFP, the lesser will be the impacts caused by high prices in fertilizers.
Using averaged PFP to compare the responses from the approaches across years presented
statistically differences among them. The nitrogen efficiency use obtained using the approaches
from the Drone and Drone-V were the highest, though, not statistically different between both, in
which resulted in a PFP of 55 kg ha-1 of corn for every kg ha-1 of N applied for the Drone compared
to a PFP of 52 from the Drone-V. The PFP from the ACS-V (43) and HS (49) were statistically
similar to the PFP obtained from the Drone-V, but different from the Drone and the ACS
approaches, with the last one being the lowest PFP calculated (35kg ha-1 of corn for every kg ha-1
of N applied) corresponding to a 37 % decrease compared to the highest PFP from the Drone
(Table 6).
Table 6. Averaged PFP responses across years for the three trial fields.

Approach

Averaged PFP (Yield kg ha-1/ N kg ha-1)

Field 1
Field 2
Field 3
ACS
35 C
98 BC
80 B
ACS-V
43 B
92 C
82 B
Drone
55 A
120 AB
136 A
Drone-V
52 AB
124 A
97 B
HS
49 B
Means followed by the same letter are not significantly different at p < 0.05.
The PFP range for 2018 was from 53 to 66 for the four approaches developed in this study.
However, no statistical PFP differences were observed among them within that year with exception
to the HS approach, which was statistically different compared to them. HS obtained a PFP of 88
kg ha-1 of corn for every kg ha-1 of N applied, which was 40 % higher than the lowest PFP for 2018
obtained using the ACS approach (Figure 18). In 2019, the PFP range was from 10 to 17 kg ha-1
of corn for every kg ha-1 of N applied. No significant differences were found among approaches,
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not even for the HS approach that was 43 % higher than the ACS approach at 10 kg ha -1 of corn
for every kg ha-1 of N applied, similar to what was found for 2018 (Figure 19).

Figure 18. PFP responses for the approaches applied in the Field 1 in 2018. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.

Figure 19. PFP responses for the approaches applied in the Field 1 in 2019. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
Statistically significant differences differentiated the PFP responses in 2020. With the PFP
ranging from 24 to 49 kg ha-1 of corn for every kg ha-1 of N applied. The PFP from the Drone-V
approach was statistically similar to the HS (39) and ACS (29) approaches. However, it was
statistically different from the Drone and ACS approaches, each with a PFP of 26 and 24
respectively. Whereas the HS, ACS-V, Drone, and ACS approaches were found to be statistically
similar (Figure 20).
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Figure 20. PFP responses for the approaches applied in the Field 1 in 2020. Means covered by
the same bar are not significantly different at p < 0.05 based on the Tukey test.
For the trial in 2021 PFP values ranged from 50 to 121 kg ha-1 of corn for every kg ha-1 of
N applied. Which resulted in statistically significant differences for most of the approaches
compared to the previous year. The Drone approach presented the best PFP (121), and it was
statistically different from the Drone-V with the second best PFP (80) corresponding to 33 %
decrease on PFP value (Figure 21).

Figure 21. PFP responses for the approaches applied in the Field 1 in 2021. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.
The PFP obtained from both virtual approaches Drone-V and ACS-V were statistically
similar, corresponding to 80 and 61 respectively, however, the PFP from the ACS-V was 49 %
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below the Drone compared to the Drone-V, while only 16 % below the Drone-V. The ACS
approach had the lowest PFP (50) for the year 2021, 58 % below the best PFP, and it was
statistically different from the Drone and Drone-V, whereas found to be statistically similar to the
ACS-V. Like the analyses performed for the yield responses, for the PFP analyses the HS approach
was applied only in 2018, 2019, and 2020 at Field 1, therefore, there was no comparison with HS
approach for the year 2021 and at the Fields 2 and 3.
Field 2
The PFP averages across the years from the approaches in Field 2 resulted in three levels
of statistically significant differences (Figure 22), in which Drone-V with a PFP of 124, ACS with
a PFP of 98, and ACS-V with a PFP of 92 kg ha-1 of corn for every kg ha-1 of N applied were
statistically different, whereas Drone-V was statistically similar to the Drone approach that had a
PFP of 120, while the ACS-V with the lowest PFP at 92 kg ha-1 of corn for every kg ha-1 of N
applied was statistically similar to the ACS approach. The range of PFP among approaches across
years had a difference of 25.5 % from the lowest PFP 92 to the highest 124 kg ha-1 of corn for
every kg ha-1 of N applied (Table 6).

Figure 22. PFP responses averaged across the years for the approaches applied in the Field 2.
Means covered by the same bar are not significantly different at p < 0.05 based on the Tukey test.
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Breaking down by year, in 2019 the PFP ranged from 123 to 218 kg ha-1 of corn for every
kg ha-1 of N applied, a significant difference of 43.5 % from the lowest to the highest PFP. The
Drone-V showed the highest PFP with a value of 218 which was statistically significant different
from the ACS-V (135) and ACS (123), but statistically similar to the Drone approach with a PFP
of 180. While the Drone was statistically similar to the ACS-V, but statistically different from the
ACS (Figure 23).

Figure 23. PFP responses for the approaches applied in the Field 2 in 2019. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.
In 2020, an inversion of results for the Drone-V and the ACS approaches occurred, in
which the ACS performed better with a PFP of 139, greater than the Drone-V that resulted in the
lowest PFP with 124 kg ha-1 of corn for every kg ha-1 of N applied, a decline of 11 %. However,
there was not statistically significant differences among approaches in 2020 (Figure 24).
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Figure 24. PFP responses for the approaches applied in the Field 2 in 2020. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.
The PFP obtained for the Drone and ACS-V were 138 and 127 kg ha-1 of corn for every kg
ha-1 of N applied, respectively (Table 7).
Table 7. Analysis of variance (ANOVA) and means of algorithm approaches PFP in 2018, 2019,
2020 and 2021.
Field

1

2

Approach

2018

2019

2020

2021

Active
Active Virtual
Drone
Drone Virtual
Holland and Schepers
p-value
ANOVA
Algorithm (Algo)
Year (Yr)
Algo x Yr)
Active
Active Virtual
Drone
Drone Virtual
p-value
ANOVA
Algorithm (Algo)
Year (Yr)

53.6467 Ab
66.0267 Ab
60.7733 Bb
64.9200 ABb
88.8333 Aa
0.0365 NS

10.1567 Ba
13.9533 Ba
11.1533 Ca
13.5700 Ca
17.9200 Ba
0.9621 NS

24.9400 Bb
29.8133 Bab
26.4433 Cb
49.5100 Ba
39.9900 Bab
0.1541 NS

50.2633 Ac
61.3167 Abc
121.98 Aa
80.9067 Ab
<0.0001

123.56 Ac
135.85 Abc
180.80 Aab
218.54 Aa
0.0015 NS

139.14 Aa
127.38 Aa
138.83 Aa
124.01 Ba
0.5812 NS

30.5333 Ba
13.6167 Ba
40.3500 Ba
29.0367 Ca
0.7553 NS

0.0008 NS
<0.0001
0.0007 NS
-

0.0341 NS
<0.0001
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Algo x Yr)
Active
Active Virtual
Drone
Drone Virtual

0.0191 NS
-

109.52 Aa
58.5602 Bab
55.8702 Bb
56.7335 Bab
0.1339 NS

3

100.07 Ac
178.21 Ab
328.35 Aa
188.32 Ab
<0.0001

29.5768 Ba
9.0202 Ba
23.4735 Ba
46.2068 Ba
0.5698 NS

p-value
ANOVA
Algorithm (Algo)
0.0004 NS
Year (Yr)
<0.0001
Algo x Yr)
<0.0001
Upper-case letters indicate differences between year within an algorithm, and lower-case letters
indicate differences among algorithms differences within a year.

Despite differences of 67.5 % between the Drone with the highest (40) and the ACS-V
with the lowest (13) PFP, all approaches were statistically similar in 2021 like observed for 2020
(Figure 25). The ACS had a PFP of 30 and the Drone-V had a PFP of 29 kg ha-1 of corn for every
kg ha-1 of N applied (Table 7).

Figure 25. PFP responses for the approaches applied in the Field 2 in 2021. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.

Field 3
Averaged PFP across years for the Field 3 were statistically similar to all approaches,
except for the Drone that showed the higher PFP value (135) amongst all. PFP results for the Field
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3 ranged from 80 (ACS) to 136 (Drone) kg ha-1 of corn for every kg ha-1 of N applied, representing
a difference of 41.5 % between the highest and the lowest (Figure 26).

Figure 26. PFP responses averaged across the years for the approaches applied in the Field 3.
Means covered by the same bar are not significantly different at p < 0.05 based on the Tukey test.
Both virtual approaches, Drone-V and ACS-V, had a PFP equivalent to 97 and 82 kg ha-1
of corn for every kg ha-1 of N applied, respectively (Table6).
Significant differences were observed in 2019 for the PFP obtained from the ACS (109)
compared to the Drone (55), which was 49.5 % below (Table 7). However, the ACS was
statistically similar for both virtual approaches, the ACS-V (58) and the Drone-V (56). Whereas,
both virtual approaches were statistically similar for the Drone (Figure 27).

Figure 27. PFP responses for the approaches applied in the Field 3 in 2019. Means covered by the
same bar are not significantly different at p < 0.05 based on the Tukey test.
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In 2020, statistically significances in three levels were found for the PFP, where the Drone
(328) was 69.5 % above the PFP for the ACS (100) and statistically different, 42.7 % above the
PFP for the Drone-V (188), and 45.7 % above the PFP for the ACS-V (178), which was also
indicating statistically significant differences among them. With only 5 % difference between the
PFP from both virtual approaches, they were not significantly different from each other (Figure 28
a).
Despite of differences of 80 % between the highest (46) and lowest PFP (9) from the DroneV and the ACS-V, respectively, for the year of 2021 all four approaches were considered
statistically similar (Figure 28 b). The PFP calculated for the ACS was 29.57 and for the Drone
was 23.47 kg ha-1 of corn for every kg ha-1 of N applied.

Figure 28. PFP responses for the approaches applied in the Field 3 in 2020 (a) and 2021 (b). Means
covered by the same bar are not significantly different at p < 0.05 based on the Tukey test.
The primary goal of using a N algorithm approach as a management tool is to provide what
is needed by the crops during the growing season, avoiding losses and environmental impacts,
consequently increasing NUE and profitability for farmers. In addition, such management can
positively affect the yield responses because it promotes adequate N supply for the crops, likewise
these approaches take into consideration the spatial variability present in the field leading to an
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overall reduction of excessive application rates in non-responsive areas. This is especially true in
corn production, which usually involves the application of flat rates of fertilization.
Integrating this N management tools in Louisiana corn production system could improve
NUE and productivity. In a drier year (i.e., 2018), N demand in Field 1 was reduced (average for
all approaches of 94.4 kg N ha−1 less than 2019, and 58.8 kg N ha−1 less than 2020), resulting in
statistically significant differences only for the Drone approach, despite differences in actual corn
N rate recommendations. Similar reduction on N demand occurred for 2021, however, contrarily
to 2018, 2021 was a very wet year, and overall required 25 kg N ha−1 less than in 2018 (Table 8).
Tagarakis et al. (2017) showed the importance of algorithm calibration for local conditions and
how weather conditions impact the responses, resulting in yield decreases. In this study, the
recommendations for N were impacted by the drought and excess water.
There were variations for in-season N requirements calculated for all approaches and fields
within a year and across the years of the study, with N needs ranging from 50 to 252 kg ha -1.
However, the increase in N rate applied inversely affects NUE. From a different prospect, in most
cases higher PFP was achieved with the lower N rates in Field 1. While in Field 2 the drone
approaches obtained the highest PFP with the highest N rates. Therefore, it was not a consistent
trend as observed in Field 3 where in 2019 the highest N rate resulted in the highest PFP, but in
2020 the highest PFP was observed with the lowest N rate (Table 8). Shiratsuchi et al., (2011)
found significantly different responses for yield and PFP from different approaches using CI in
small plots. Conversely, in this study mostly PFP results were capable of differentiate approaches,
but not yield responses.
As a variable derived from the amount of N applied and grain produced, the PFP is very
sensitive to lower rates as reported by Roberts et al. (2009) which resulted in the exclusion of any
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PFP calculation for the control plots to be compared with the PFP obtained from the approaches
generated using active and passive sensors data.
Comparing the results obtained from the approaches based on the type of sensor ACS and
Drone, the virtual approaches performed relatively better than the approaches using the averages
of the data from different N rates (Table 8). Although, in most of the comparisons they were
statistically similar. For Field 1 the ACS-V had a higher PFP for all the years studied, while in
Field 2 and 3 the ACS had a better PFP for 2 years compared to only 1 from the ACS-V.
Interestingly, the inverse was observed for the Yield from the ACS. For the approaches based on
the Drone, yield responses for the Drone-V indicated a better performance for all years in Field 1
and 3, whereas in Field 2 it was slightly better for 2019 and 2021, with the Drone yielding better
in 2020. However, statistically significant differences were not found between the two approaches.
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Table 8. Partial factor productivity (PFP), yield responses and nitrogen rates for the four approaches applied in the ten site-years of
this study.
Field

Approach

Yield (kg ha-1)

PFP (kg ha-1 of grain/ kg ha-1 of N)

N Rate (kg ha-1)

2018

2019

2020

2021

2018

2019

2020

2021

2018

2019

2020

2021

Field 1

ACS
ACS-V
Drone
Drone-V
HS *

53.64
66.02
60.77
64.92
88.83

10.15
13.95
11.15
13.57
17.92

24.94
29.81
26.44
49.51
39.99

50.26
61.31
121.98
80.90
-

9,656
8,598
8,855
9,931
8,567

2,559
3,516
2,810
3,327
2,559

5,158
4,539
6,664
8,256
7,706

7,678
7,551
8,050
8,386
-

180
131
150
157
100

252
252
252
246
188

223
178
252
167
192

168
132
66
108
-

Field 2

ACS
ACS-V
Drone
Drone-V

-

123.56
135.85
180.80
218.54

139.14
127.38
138.83
124.01

30.53
13.61
40.35
29.03

-

15,949
15,869
12,297
13,101

18,173
18,709
22,796
20,275

4,240
3,337
4,321
5,002

-

128
204
252
252

141
160
173
165

171
245
117
188

13,043 16,765 3,636
ACS
109.52 100.07 29.57
147
176
12,924 19,537 3,522
ACS-V
58.56 178.27
9.02
142
114
Field 3
15,867 16,564 4,797
Drone
55.87 328.35 23.47
78
50
16,084
25,342
5,896
Drone-V
56.73 188.32 46.20
59
137
* Holland and Schepers approach was used for comparison with the other approaches only in Field 1, and from 2018 to 2020.

132
207
189
179
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Summary and Conclusions
In this study four approaches: Active, Active Virtual, Drone and Drone Virtual, were
generated from active and passive sensors data and evaluated for the response variables yield and
partial factor productivity. The study was carried out in three different fields with the same
approaches being applied and evaluated for the same variables.
The findings from this research showed that using the Chlorophyl Red Edge Vegetation
Index obtained from the crop canopy reflectance with the approaches developed from local data
to manage N status, can address spatial variability presented in fields through the different
responses obtained for N fertilization across the sites analyzed. The NSI calculated showed the
need for different N rates in different parts of the three fields where the study was conducted. The
PFP and yield results obtained from unmanned aircraft systems showed better performance
compared to the active crop canopy sensor, but it is extremely important to point out that the
conditions for passive sensor data gathering were optimal all the years and sites. In large areas is
not practical to wait or select an optimal condition such as those obtained in this experiment with
cloudless, no shadow and wind. When normalization by the rich strip or virtual N reference is
done, weather conditions can be avoided as well compared to use the actual vegetation index value
to plug in any algorithm.
There were not statistically significant differences within the same year for most of the
approaches used for yield and PFP results, however, a temporal trend of statistically significant
differences was found within the same approach across different years. These results indicate a
great applicability for this technology regardless of approach in the management of N for corn. A
great finding in terms of practicality is that most of the fields showed no statistical differences
between virtual N reference approach and N rich approach within each sensor (active or passive).
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This suggest that virtual approach does not require additional N application to set up a rich strip,
and consequently will avoid errors or bias resulting from where the rich plot is put out in the field
because of non-homogeneous N demand. Therefore, these virtual approaches can be used for corn
in-season N management. Furthermore, additional validation and improvement of approaches are
essential to address specific and unique conditions inherent of soil characteristics and environment
conditions, especially for passive sensors.
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CHAPTER 4: GENERAL CONCLUSIONS
Soil type plays an important role on the amount of fertilization required for corn
production. In Louisiana, nitrogen (N) fertilization is commonly conducted on a uniform rate
application. With the scope to address spatial variability and improve N management fertilization,
a study with multiple fields was carried out to develop and validate approaches for N
recommendation based on active and passive sensors. The evaluation of the performance of these
approaches was done using the yield and partial factor productivity responses obtained from the
field trials.
This research was conducted from 2018 to 2021 at the Ben Hur Central Research Station
in Baton Rouge, LA. The approaches applied on this study were derived from data using active
and passive sensors, thus, the impacts of the type of sensors on the acquisition of the data used for
generation of the vegetation indices, which serves as the base for the algorithm recommendations
were also studied. The outcome of the analysis comparing different sensors showed that vegetation
indices were impact by the time and type of sensor used to collect the data. Therefore, N fertilizer
recommendations can be impacted by using these sensors if a planned strategy is not considered
before data collection.
The different N recommendations obtained from the four approaches tested in this study,
indicates that spatial variability is present in the fields where the trials were installed, and
corroborates the importance of spatial variability management in the fields, especially for large
fields, where the probability of soil variations to be found are higher. Thus, N fertilization rates
were applied based on different recommendations obtained for the fields, resulting in a variable
rate application through the studied plots. Overall, the yield responses from the approaches were
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statistically similar, showing no differences among approaches within a specific year. However,
under different growing conditions caused by year effects they presented statistically differences.
Farmers usually have the tendency to apply more N to secure higher yields, but in this
study, the higher N rate recommendations did not always result in the highest yields. On the other
hand, the responses obtained from the partial factor productivity recorded for the experimental
plots showed mixed results for all approaches tested, with high PFP obtained with lower N rates
applied, and high PFP resulting from high N rates applied in the different field trials.
Although, there were no statistically significant differences among approaches, the Virtual
approaches generated using both active and passive sensors indicated relatively better
performances based on yield and PFP responses. Suggesting that the Virtual approach has a great
potential to be applied for N recommendations regardless to the type of sensor used to collect data.
More validation of these approaches will lead to implementation and improvement of inseason N management strategies capable of addressing spatial and temporal variability present in
fields. In addition, will help in a practical manner the adoption of UAS and sensors technologies
for N plant status management by farmers.
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